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AUTOMATIC SUGGESTED RESPONSES TO
IMAGES RECEIVED IN MESSAGES USING
LANGUAGE MODEL

In additional example implementations, the one or more
word sequences are determined from a plurality of words in
a vocabulary that is determined from the previous responses,

and determining the probabilities includes iteratively deter

5 mining , for each word sequence , a probability of each word
BACKGROUND
in the vocabulary to be the next word in the word sequence.
some examples, the previous responses are selected from
The popularity and convenience of digitalmobile devices aIn larger
of responses to the previous images, wherein the
as well as the widespread of use of Internet communications previoussetresponses
more specific to particular content of
have caused communications between user devices toir 10 the previous imagesarethan
become ubiquitous . For example, users commonly use their larger set of responses. other previous responses of the
devices to send electronic messages to other users as text
In additional example implementations, the model is a
m
messages
, chat messages , email, etc. Users may send images conditioned
language model, and selecting the one or more

in messages to other users to provide receiving users with

word sequences includes iteratively feeding the feature
15
vector and a previous word sequence to the conditioned
The background description provided herein is for the language
model to determine a set of new word sequences

visual content.

purpose of generally presenting the context of the disclo

and the probabilities associated with the new word
sequences based on the feature vector and the previous word
is described in this background section , as well as aspects of sequence , where one or more of the new word sequences
the description that may not otherwise qualify as prior art at 20 have at least one additional word with respect to the previous
the timeof filing, are neither expressly nor impliedly admit
word sequence ; and selecting a subset of the set ofnew word
ted as prior art against the present disclosure .
sequences based on the probabilities associated with the new
word sequences and selecting one word sequence of the
SUMMARY
selected subset as the previous word sequence for a next
25 iteration .
Implementations of this application relate to automatic
In additional example implementations, the method fur
response suggestions to images included in received mes - ther includes , upon the second user selecting the suggested
sure . Work of the presently named inventors , to the extent it

sages. In some implementations , a computer -implemented
method includes detecting an image posted within a first

response , posting the suggested response as a message
response to the first message. In some implementations, the

message by a first user , and programmatically analyzing the 30 method further includes checking whether each of the one or
image to determine a feature vector representative of the

more word sequences is present in a whitelist of word

image . The method programmatically generates one or more

sequences , where the selected one or more word sequences

suggested responses to the firstmessage based on the feature

are present on the whitelist . Some implementations select at

vector, the one or more suggested responses each being a

least one word sequence that is weighted based on a simi

conversational reply to the first message . Programmatically 35 larity to a previous message response provided by the

generating the one or more suggested responses includes

second user . In some implementations, the conditioned

determining probabilities associated with word sequences

language model is provided as a first conditioned language

for the feature vector using a model trained with previous

model specific to a first language, and the method includes

responses to previous images, and selecting one or more

providing a second conditioned language model specific to

word sequences of the word sequences based on the prob - 40 a second language , determining that a language for a mes

abilities associated with the word sequences . The one or

more suggested responses are determined based on the one
or more selected word sequences. The method causes the

s age conversation in which the first message is received is

the first language , and selecting the first conditioned lan
guage model to be used in the programmatically generating

one or more suggested responses to be rendered in the one or more suggested responses.
messaging application as one or more suggestions to a 45 In some implementations, a system includes a memory
and at least one processor configured to access thememory
second user.
Various implementations and examples of the method are and configured to perform operations including detecting an
described . For example , in some implementations , providing image posted within a first message by a first user, and
the one or more suggested responses includes transmitting a programmatically analyzing the image to determine a fea

command to render the one or more suggested responses in 50 ture vector representative of the image. The operations

the messaging application . In some implementations , the
probabilities include a probability of each word in a stored
vocabulary to be the next word in one of the one or more

include programmatically generating one or more suggested
responses to the first message based on the feature vector,
the one or more suggested responses each being a conver

word sequences, and where the selecting the one or more

sational reply to the first message and having one or more

more word sequences associated with one or more highest

erating the one or more suggested responses includes , for

mentations, the model is a conditioned language model and

determining each word of the one or more words arranged

determining the probabilities associated with the word

in the word sequence based on the feature vector and based

word sequences includes selecting a number of the one or 55 words arranged in a word sequence . Programmatically gen

probabilities of the determined probabilities . In some imple

each one of the one or more suggested responses , iteratively

sequences includes inputting the feature vector to the con - 60 on one or more previous words in the word sequence . The
ditioned language model. In some examples, the conditioned
operations include causing the one or more suggested

language model uses a long -short term memory (LSTM )

responses to be rendered in themessaging application as one

network . Some implementations select the one or more word

or more suggestions to a second user.

sequences using a beam search technique . In some imple Various implementations and examples of the system are
mentations, each of the one or more word sequences is used 65 described . For example , in some implementations , the
by themodel as a word embedding encoding words included
operation of programmatically generating the one or more
suggested responses includes determining probabilities
in the word sequence and the feature vector .

US 10 ,146 ,768 B2
associated with the one or more word sequences based on

FIGS . 6 - 11 are graphic illustrations illustrating examples

data that includes previous responses to previous images. In
some implementations, the operation of programmatically

of determined suggested responses to images , according to
some implementations; and

generating the one or more suggested responses includes

FIG . 12 is a block diagram of an example device which

selecting the one or more suggested responses based on the 5 may be used for one or more implementations described
probabilities associated with the one or more word herein .
sequences. In some implementations , the operation of deter
mining the probabilities of the word sequences includes
DETAILED DESCRIPTION
using a conditioned language model that was trained using

the data including previous responses to previous images, 10

One or more implementations described herein relate to

where the conditioned language model is conditioned by the
feature vector received as an input and uses a long -short
term memory (LSTM ) network .

automatic response suggestions to images included in
received messages. In some implementations , automatically
suggesting content in a messaging application includes

operations . The operations include receiving an image and

to the message , where the suggested responses are conver

In some implementations, a non - transitory computer read
detecting an image posted within a message by a first user,
able medium has stored thereon software instructions that, 15 and programmatically analyzing the image to determine a
when executed by a processor, cause the processor to
feature vector representative of the image . The feature
automatically provide suggested content by performing vector is used to generating one or more suggested responses

programmatically analyzing the image to determine a fea
sational replies to the first message . For example , in some
ture vector representative of the image . The operations 20 implementations, a conditioned language model is trained to
include programmatically generating one or more suggested determine probabilities associated with word sequences for
responses to the image based on the feature vector, the one the feature vector based on training data that includes

or more suggested responses each being a conversational previous responses to previous images. One or more of the
reply to the image and having one or more words arranged
word sequences are selected based on the probabilities, and
in a word sequence . Programmatically generating the one or 25 the suggested responses are based on the selected word
more suggested responses includes , for each of the one or
sequences . The suggested responses are output, e . g ., ren

more suggested responses, iteratively determining each

dered in the messaging application as one or more sugges

word of the one or more words arranged in the word
tions to a second user.
sequence based on the feature vector and one or more
Various features are described . For example , the sug
previous words in the word sequence . The operations 30 gested responses can each have one or more words arranged
include outputting the one or more suggested responses to be in a word sequence , and , for each suggested response, each

rendered in an application as one or more suggestions to a word of the word sequence can be iteratively determined
based on the feature vector and based on one or more
Various implementations of the computer readable previous words in the word sequence . The suggested
medium include , for example, the suggested responses being 35 responses can be selected based on probabilities of words to
rendered in a messaging application , and in some imple - be the next words in word sequences; for example, the
user.

mentations, the operation of programmatically generating
the one or more suggested responses includes determining

suggested responses can be word sequences determined to
have the highest probabilities of their component words in

probabilities associated with the one or more suggested

sequence among the words of a vocabulary . For example , the

responses using a conditioned language model that was 40 one or more word sequences can be determined from a set
trained based on data that includes previous responses to
of words in the vocabulary that is based on the training data ,
previous images and that is conditioned by the feature vector e . g ., a set ofwords obtained from a set of training message
received as an input, where the conditioned language model data that includes previous message images and previous
uses a long- short term memory (LSTM ) network ; and select- responses to those images . In some examples, the training
ing the one or more suggested responses based on the 45 data can be filtered such that the previous responses in the

probabilities associated with the one or more suggested
responses .

BRIEF DESCRIPTION OF THE DRAWINGS

FIG . 1 is a block diagram of example systems and a
implementations described herein ;
FIG . 2 is a flow diagram illustrating an example method

network environment which may be used for one or more

training data are more specific to particular content of the

previous images than other previous responses that have
been filtered .

In various examples, the conditioned language model can
sequences can be selected using a beam search technique. In

50 use a long- short term memory (LSTM ) network . The word

some examples , the system can check whether each of the
one or more word sequences is present in a whitelist of word

sequences, such that word sequences presenton the whitelist

to provide suggested responses to a message including an 55 are eligible to be suggested responses . In some implemen

image , according to some implementations ;

FIG . 3 is a flow diagram illustrating an example method
to generate one or more suggested responses based on a
feature vector representing an image , according to some
implementations;

FIG . 4 is a block diagram illustrating an example module
that can implement one or more described suggested
response features, according to some implementations;

tations , after output of the suggested responses, if the second

user selects a suggested response , the selected suggested
response is sent to the first user as a message response to the
first message and image . In some implementations, one or
60 more word sequences are weighted for selection as sug

gested responses based on similarity to a previous message
ing a previous image that is similar to the currently -received

response provided by the second user in response to receiv

FIG . 5 is a block diagram illustrating an example of an
image . In some implementations, multiple conditioned lan
architecture that can implement one or more features of a 65 guage models can be provided , each language model asso
conditioned language model, according to some implemen ciated with a different language . A particular conditioned
language model can be selected for determining the sug
tations;
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gested responses for the image based on a detected language

of a message conversation in which the first message is
received . In some implementations, one or more message

responses can be determined to be commands or requests to
bots , e . g ., for information related to the obtained image.

a greater variety and/or quality of suggested response (s ). For

example , the techniques described herein feed an image
feature vector determined directly from pixels of an obtained

image to a trained neural network to produce responses .
5 Such a neural network can provide responses for any type of

One or more features described herein enable suggested
image , without the need to specifically recognize objects in
responses to be automatically provided in response to a
an image . Further, use of a model trained based on image
received image in a message , where the suggested responses pixels may permit a wider variety in responses than tech
are appropriate and relevant as message responses to the niques that depend on recognizing objects and using pre
content of the received image . For example , features 10 defined labels associated with those objects. For example , in
described herein can provide suggested responses that may
some implementations , the vocabulary from which words in
include appropriate reactions to particular content in images ,

suggested responses are selected may include words from

as if a user were creating the message responses. This

multiple languages, human expressions that may not be

provides users with more flexible options in determining

words in a dictionary (e .g., “ aww ,” “ !!!” etc.), other types of

their responses in message conversations and may provide 15 symbols ( e . g ., emojis , stickers , etc . ), a different image , or a

options for a user who is otherwise unable to respond to a

combination . Additionally , techniques described herein may

message adequately.
For example , at various times during a message conver -

provide response suggestions that are more likely to be

sation, users may not be able to provide sufficient attention

response suggestions that are constructed based on recog

selected by a user, since these may be more natural than

and/ or focus to respond to received messages with pertinent 20 nized image features . Thus, another technical effect of
responses , and/or may not be able to provide detailed user described techniques and features is a reduction in the
input to a user device to create such pertinent responses . In
consumption of system processing resources utilized to

some examples, a user may be performing an activity or be

create and send message responses as compared to a system

in an environment where appropriate responses are not

that does not provide one or more of the described tech

image . For example, one or more automatic message
responses are automatically suggested based on an image

relevant suggested responses and/or to receive input from
the user required to specify , select, edit, or create responses

possible or more difficult for the user to provide. One or 25 niques or features, e . g ., a system that uses prior techniques
more features described herein advantageously provide
of content recognition in which additional computational
automatic message suggestions for a user in response to an
resources are needed to display a larger set of potentially
received in a messaging conversation between user devices , 30 that a user is to transmit.

and the user may simply select a desired response from the

Described techniques provide additional advantages. For

suggestions for posting in the conversation . The message

example , use of a whitelist of responses in some implemen

suggestions are relevant to the received image and allow a

tations allows particular types of responses to be removed

user to simply and quickly respond to received images with

from suggestions, allowing response suggestions to be more

reduced user input and reduced time to compose the 35 likely to be selected by a user. Furthermore , in some

responses on a device, thus reducing consumption of device

implementations, techniques described herein utilize a beam

device resources needed to enable and process added input

vector with reduced use of computational resources . In some

complete suggested responses , and/ or otherwise participate

based on the image feature vector, that the image is not

in conversations held via electronic devices. Consequently ,

eligible to provide suggestions, and may not conduct carry

resources that would otherwise be needed to display a large
set of possible responses and /or reducing consumption of

search , which can advantageously evaluate a large number
of possible word sequences based on the image feature

from the user to compose responses, search through , edit , or 40 implementations, described techniques may determine ,

a technical effect of one ormore described implementations

out computational steps to generate responses, thereby sav

is that creation and transmission of responses in device -

ing computational resources . In some implementations

implemented conversations is achieved with less computa - 45 where users permit such use of data , the language model

tional time and resources expended to obtain results . For

may be retrained , e .g ., periodically , based on additional

example , a technical effect of described techniques and
features is a reduction in the consumption of system pro -

training data and user selections, and therefore can provide
improved suggestions based on such retraining .

cessing resources utilized to display , create, and send mes

In situations in which certain implementations discussed

sage responses as compared to a system that does not 50 herein may collect or use personal information about users

provide one or more of the described techniques or features .

(e . g ., user data , information about a user 's social network ,

Prior techniques may determine suggested responses to

user ' s location and time at the location , user' s biometric

images , e . g ., based on recognizing one or more objects or

information , user 's activities and demographic information ),

features in an image , e .g ., in response to recognizing that the

users are provided with one or more opportunities to control

image includes an apple , a suggested response may be 55 whether information is collected , whether the personal infor

provided that corresponds to such recognition . However ,

mation is stored , whether the personal information is used ,

many such techniques may fail to provide a suggestion , e . g .,
for images in which no objects are recognized . Further, some

and how the information is collected about the user, stored
and used . That is, the systems and methods discussed herein

of these techniques may provide inaccurate suggestions,

collect, store and /or use user personal information specifi

e . g ., if the object recognition is erroneous, or incomplete . 60 ?ally upon receiving explicit authorization from the relevant

Additionally, when more than one object is recognized in an

users to do so . For example , a user is provided with control

image, e . g ., an apple and a knife , some of these techniques
may produce simple responses that list the objects , e . g ., " An

over whether programs or features collect user information
about that particular user or other users relevant to the

apple and a knife ,” or responses that are unlikely to be

selected by a user.

The techniques described herein overcome these and

other deficiencies. For example , the techniques may provide

program or feature . Each user for which personal informa
65 tion is to be collected is presented with one or more options

to allow control over the information collection relevant to

that user, to provide permission or authorization as to
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whether the information is collected and as to which por
tions of the information are to be collected . For example ,

some implementation , messaging server 101 may be
implanted in a virtualized environment, e.g ., messaging

over a communication network . In addition , certain data

hardware server that may include one or more other virtual

As one example , a user 's identity may be treated so that no
personally identifiable information can be determined . As

102 may be a wired connection , such as Ethernet, coaxial
cable, fiber-optic cable, etc ., or a wireless connection, such
as Wi- Fi, Bluetooth , or other wireless technology . In some

users can be provided with one or more such control options

server 101 may be a virtual machine that is executed on a

may be treated in one or more ways before it is stored or 5 machines. Messaging server 101 is communicatively
used so that personally identifiable information is removed . coupled to the network 140 via signal line 102. Signal line
another example , a user' s geographic location may be gen

eralized to a larger region so that the user ' s particular 10 implementations, messaging server 101 sends and receives

location cannot be determined .

data to and from one or more of client devices 115a - 115n ,

images, e.g., a frame in a video sequence of video frames,

functionality to enable a user (e. g., any of users 125 ) to
exchange messages with other users and / or with a bot.

An " image” as referred to herein is a digital image having
135 , response generator 150, and bot 113 via network
pixels with one or more pixel values (e . g ., color values, server
140
.
In
some implementations, messaging server 101 may
brightness values, etc.). An image can be a still image or
single image , or can be an image included in a series of 15 include messaging application 103a that provides client
or an image in a different type of sequence or animation of

images . For example , implementations described herein can
be used with single images , video sequences of images, or

Messaging application 103a may be a server application , a
server module of a client- server application , or a distributed

FIG . 1 illustrates a block diagram of an example envi ronment 100 for providing messaging services that enable
and , in some embodiments , provide automatic assistive
agents , e . g ., bots . The exemplary environment 100 includes
messaging server 101 , one or more client devices 115a, 25

application 103b on one or more client devices 115 ) .
Messaging server 101 may also include database 199

animated images (e. g., cinemagraphs or other animations ). 20 application ( e.g ., with a corresponding client messaging
which may store messages exchanged via messaging server

101 , data and/ or configuration of one or more bots, infor
mation provided by content classifier 130 , and user data

115n , server 135 , response suggestion generator 150 , and

associated with one or more users 125 , all upon explicit

network 140 . Users 125a- 125n may be associated with
respective client devices 115a , 115n . Server 135 may be a
third -party server, e. g ., controlled by a party different from

permission from a respective user to store such data . In some
embodiments , messaging server 101 may include one or
more assistive agents, e . g ., bots 107a and 111 . In other

the party that provides messaging services . In various imple - 30 embodiments , the assistive agents may be implemented on

mentations, server 135 may implement bot services, as

the client devices 115a - n and not on the messaging server

environment 100 may not include one or more servers or

Messaging application 103a may be code and routines
operable by the processor to enable exchange ofmessages

described in further detail below . In some implementations,
devices shown in FIG . 1 or may include other servers or

101.

devices not shown in FIG . 1. In FIG . 1 and the remaining 35 among users 125 and one or more bots 105 , 107a , 107b ,

figures, a letter after a reference number, e. g., “ 115a,"

represents a reference to the element having that particular
reference number . A reference number in the text without a

following letter, e .g., " 115 ,” represents a general reference to

109a , 109 , 111 , and 113 . In some implementations, mes

saging application 103a may be implemented using hard
ware including a field - programmable gate array ( FPGA ) or

an application -specific integrated circuit (ASIC ). In some

implementations of the element bearing that reference num - 40 implementations, messaging application 103a may be

ber.

implemented using a combination ofhardware and software .

client devices 115 , server 135 , and response generator 150

ciated with client devices 115 provide consent for storage of

are communicatively coupled via a network 140 . In various

messages, database 199 may store messages exchanged

In the illustrated implementation , messaging server 101 ,

In various implementations , when respective users asso

implementations, network 140 may be a conventional type, 45 between one or more client devices 115 . In some implemen

wired or wireless , and may have numerous different con figurations including a star configuration , token ring con -

tations, when respective users associated with client devices
115 provide consent for storage of messages , database 199

figuration or other configurations. Furthermore , network 140

may store messages exchanged between one or more client

may include a local area network (LAN ), a wide area

devices 115 and one ormore bots implemented on a different

network (WAN ) ( e . g ., the Internet), and /or other intercon - 50 device , e. g ., another client device , messaging server 101,
nected data paths across which multiple devices may com and server 135 , etc . In the implementations where one or

municate. In some implementations, network 140 may be a

more users do not provide consent, messages received and

or include portions of a telecommunications network for

In some implementations, messages may be encrypted ,

peer - to -peer network . Network 140 may also be coupled to

sent by those users are not stored .

sending data in a variety of different communication proto - 55 e . g ., such that only a sender and recipient of a message can
cols . In some implementations, network 140 includes Blu view the encrypted messages . In some implementations,

etooth® communication networks, Wi- Fi® , or a cellular

messages are stored . In some implementations , database 199

communications network for sending and receiving data

may further store data and / or configuration of one or more

including via short messaging service (SMS), multimedia

bots, e .g ., bot 107a , bot 111 , etc . In some implementations

(HTTP ) , direct data connection , email , etc . Although FIG . 1

( such as social network data , contact information , images,

messaging service (MMS ), hypertext transfer protocol 60 when a user 125 provides consent for storage of user data

illustrates one network 140 coupled to client devices 115 , etc.) database 199 may also store user data associated with
messaging server 101, and server 135 , in practice one or the respective user 125 that provided such consent.
In some implementations, messaging application 103al
more networks 140 may be coupled to these entities.
Messaging server 101 may include a processor, a memory, 65 103b may provide a user interface that enables a user 125 to
and network communication capabilities . In some imple create new bots. In these implementations,messaging appli
mentations, messaging server 101 is a hardware server. In
cation 103a /103b may include functionality that enables

US 10 ,146 , 768 B2
10
or more bots as suggested responses to the messaging

user -created bots to be included in conversations between
users of messaging application 103a / 103b .
Response generator 150 may include a processor, a
memory and network communication capabilities. In some

messaging application 103 may send requests to a bot

server. Response generator 150 is communicatively coupled

tations , the messaging application 103 acts as an interme

be a wired connection , such as Ethernet , coaxial cable ,

providing response generator 150 with bot commands and

fiber -optic cable , etc ., or a wireless connection , such as

receiving suggestions based on the bot commands .

application 103 . For example , the code for the bot may be
incorporated into the messaging application 103 , or the

implementations, response generator 150 is a hardware 5 implemented at response generator 150 . In some implemen

to the network 140 via signal line 152. Signal line 152 may

Wi- Fi, Bluetooth , or other wireless technology . In some 10

diary between the user 125 and response generator 150 by

In some implementations, a content server 154 can be

implementations , response generator 150 sends and receives
data to and from one or more of the messaging server 101

provided in the environment 100 , e . g ., as a hardware server,
and may include a processor, a memory and network com

and the client devices 115a - 115n via the network 140 .

munication capabilities . The content server 154 can be

Although response generator 150 is illustrated as being one

coupled to the network 140 via one or more network

server, multiple response generators 150 are possible . In 15 connections 156 . In some implementations , the content

some implementations, the response generator 150 can be

classifier may provide information to the messaging appli

included in one or more other components of the environ ment 100 , e. g., messaging server 101 , client device 115a ,
server 135 , content server 154 , etc .

cation 103 . For example , content server 154 may maintain
an electronic encyclopedia , a knowledge graph , one or more
databases , a social network application (e .g ., a social graph ,

The response generator 150 determines and provides one 20 a social network for friends, a social network for business ,

or more suggested responses in reply to a particular image .

For example, the suggested responses can be provided to the

messaging server 101 and /or the messaging application of
one or more client devices 115 . The response generator can

etc .), a website for a place or location ( e. g ., a restaurant, a

car dealership , etc .), a mapping application (e .g ., a website

that provides directions ), etc . For example , the content
server 154 may receive a request for information from the

use machine learning , e . g ., use a conditioned language 25 messaging application 103 , perform a search , and provide

model that utilizes machine learning to determine the sug - the information in the request. In some implementations ,
gested responses . For example , the response generator can
content server 154 may include classifiers of particular types
be trained using training data ( e . g .,message training data ) of of content in images , and can determine whether any of
images and correct, actual, and/ or desired responses to the particular classes are detected in the content ( e . g ., pixels ) of
images in a messaging application context, and the response 30 the image . In some examples, the messaging application 103
generator can then determine responses to new images it may request driving directions or an estimated time of

receives . For example , the conditioned language model can
cally generated by a computer, with no use of user infor

be trained using synthetic data , e . g ., data that is automati -

arrival from a mapping application accessed by content
In some implementations, if a user consents to the use of

server 154 .

mation . In some implementations, the conditioned language 35 such data , the content server 154 may provide themessaging

model can be trained based on sample data , e. g ., sample

application 103 with profile information or profile images of

message data , for which permissions to utilize user data for

a user that the messaging application 103 may use to identify

the message data . For example, sample data may include

profile . In another example, content server 154 may provide

predict responses to received messages , which may then be
provided as suggested responses . In some implementations,

application 10 , if user consent has been obtained for pro
vided user data . For example , the content server 154 may

the response generator 150 can use a Long Short Term

include or access an electronic encyclopedia that provides

training have been obtained expressly from users providing

a person in an image with a corresponding social network

received messages and responses that were sent to the 40 the messaging application 103 with information related to
received messages. Based on the sample data , the model can
entities identified in the messages used by the messaging

Memory (LSTM ) network to determine responses as word 45 information about landmarks identified in the images, an

sequences in which words of the responses are determined

electronic shopping website that provides information for

iteratively , e . g ., one word at a time.

purchasing entities identified in the messages , an electronic

tures for one or more features, e. g., rankings of suggested

an itinerary from a user identified in a message, a mapping

Some implementations can also use detected image fea -

calendar application that provides, subject to user consent,

responses . For example , image features can include people 50 application that provides information about nearby locations

(without determining identity of the people ), animals,

where an entity in the message can be visited , a website for

objects ( e . g ., articles, vehicles, etc .), particular monuments ,
landscape features ( e . g ., foliage , mountains, lakes, sky,

a restaurant where a dish mentioned in a message was
served , etc . In some implementations, the content server 154

clouds, sunrise or sunset, buildings, bridges , etc .), weather,

may communicate with the response generator 150 to obtain

etc . Various image recognition and detection techniques can 55 information . The content server 154 may provide requested

be used ( e. g ., machine learning based on training images,

information to the response generator 150 .

comparison to reference features in reference images, etc .)
to detect image features .
Response generator 150 may be managed by the same

and /or content server 154 may receive information from the

In some implementations, the response generator 150
messaging application 103, e. g., to update databases used or

party that manages the messaging server 101, or may be 60 maintained by these modules. For example , where the

managed by a third - party . In some implementations,

response generator 150 hosts bots. The bots may be com -

content server 154 maintains a website about a restaurant,
the messaging application 103 may provide the content

suggestions, for example , a reservation bot makes reserva -

such as a user's favorite dish at the restaurant.

puter programs that perform specific functions to provide

server 154 with updated information about the restaurant,

tions, an auto -reply bot generates reply message text, a 65 Client device 115 may be a computing device that
scheduling bot automatically schedules calendar appoint- includes a memory and a hardware processor, for example ,
ments, etc. Response generator 150 may provide or refer one a camera , a laptop computer , a tablet computer, a mobile
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telephone, a wearable device , a mobile email device , a
portable game player, a portable music player, a reader

include one or more servers 135 . Server 135 may implement
one or more bots as server applications or server modules ,

device , head mounted display or other electronic device

e.g., bot 109a and bot 113 .

capable of wirelessly accessing network 140.
In various implementations , server 135 may be part of the
In the illustrated implementation , client device 115a is 5 same entity that manages messaging server 101, e.g., a
coupled to the network 140 via signal line 108 and client provider of messaging services . In some implementations ,

device 115n is coupled to the network 140 via signal line

server 135 may be a third party server, e. g., controlled by an

110 . Signal lines 108 and 110 may be wired connections,
e . g ., Ethernet, or wireless connections, such as Wi- Fi, Blu -

entity different than the entity that provides messaging
application 103a / 103b .

115n are accessed by users 125a, 125n , respectively . The
client devices 115a , 115n in FIG . 1 are used by way of

bots. A bot is an automated service , implemented on one or
more computers , that users interact with primarily through

example . While FIG . 1 illustrates two client devices, 115a

text, e .g., via messaging application 103a / 103b . Bots are

In some implementations, client device 115 may be a
wearable device worn by a user 125 . For example , client
device 115 may be included as part of a clip ( e .g ., a

103b may provide one ormore suggestions , e . g ., suggested
responses, to users 125 via a user interface, e. g ., as a button ,
or other user interface element. Suggested responses may

wristband), part of jewelry , or part of a pair of glasses. In

enable faster interaction, e. g.,by reducing or eliminating the

etooth , or other wireless technology. Client devices 115a , 10

In some implementations , server 135 provides or hosts

and 115n , the disclosure applies to a system architecture described in greater detail below .
15 In some implementations , messaging application 103a/
having one or more client devices 115 .

another example , client device 115 can be a smartwatch . In 20 need for a user to type a response . Suggested responses may

various implementations , user 125 may view messages from
the messaging application 103a / 103b on a display of the
device , may access the messages via a speaker or other
output device of the device , etc . For example , user 125 may

enable users to respond to a message quickly and easily , e. g .,
when a client device lacks text input functionality (e . g ., a
smartwatch that does not include a keyboard or micro
phone ). Suggested responses may also enable users to

view the messages on a display of a smartwatch or a smart 25 respond quickly to messages , e . g ., when the user selects

wristband . In another example , user 125 may access the
messages via headphones (not shown ) coupled to or part of

suggested response ( e . g ., by selecting a corresponding a user
interface element on a touchscreen ). Suggested responses

client device 115 , a speaker of client device 115 , a haptic
feedback element of client device 115 , etc .

may be generated using predictive models , e . g ., machine

stored on a client device 115a . In some implementations,
messaging application 103b (e .g., a thin -client application , a
client module , etc .) may be a client application stored on
client device 115a with a corresponding a messaging appli -

implement machine learning, e .g., a deep learning model,
that can enhance user interaction with messaging application
103. Response generator 150, for example , can utilize
machine learning to provide suggestions to a messaging

learning models , that are trained to generate responses .
In some implementations , messaging application 103b is 30 For example , messaging application 103a / 103b may

cation 103a ( e . g ., a server application , a server module , etc .) 35 application 103a / 103b . In some implementations, machine

that is stored on messaging server 101 . For example , mes -

learning can implemented on one or more other components

saging application 103b may transmit messages created by

of the environment 100 and , for example , not using response

user 125a on client device 115a to messaging application
generator 150 . Machine- learning models may be trained
using synthetic data , e .g ., data that is automatically gener
103a stored on messaging server 101 .
In some implementations , messaging application 103a 40 ated by a computer, with no use of user information . In some
may be a standalone application stored on messaging server implementations, machine -learning models may be trained ,
101. A user 125a may access themessaging application 103a

e . g ., based on sample data , for which permissions to utilize

via a web page using a browser or other software on client

user data for training have been obtained expressly from

device 115a . In some implementations, messaging applica

users . For example, sample data may include received

tion 103b that is implemented on the client device 115a may 45 messages and responses that were sent to the received

include the same or similar modules as that are included on

messages. Based on the sample data , the machine - learning

messaging server 101. In some implementations, messaging
application 103b may be implemented as a standalone client

model can predict responses to received messages , which
may then be provided as suggested responses. User inter

application , e . g ., in a peer- to -peer or other configuration

action is enhanced , e . g ., by reducing burden on the user to

where one or more client devices 115 include functionality 50 compose a response to a received message, by providing a

to enable exchange of messages with other client devices

choice of responses that are customized based on the

115 . In these implementations , messaging server 101 may

received message and the user ' s context. For example , when

include limited or no messaging functionality ( e . g., client

users provide consent, suggested responses may be custom

authentication , backup , etc.). In some implementations,

ized based on the user 's prior activity, e. g., earlier messages
For example , such activity may be used to determine an
appropriate suggested response for the user, e. g., a playful

messaging server 101 may implement one or more bots , e . g ., 55 in a conversation , messages in different conversations, etc .

bot 107a and bot 111 .
Server 135 may include a processor, a memory and
network communication capabilities. In some implementa

response , a formal response , etc . based on the user ' s inter

tions, server 135 is a hardware server. Server 135 is com
municatively coupled to the network 140 via signal line 128 . 60
Signal line 128 may be a wired connection , such as Ethernet,
coaxial cable, fiber optic cable , etc., or a wireless connec

action style . In another example , when the user specifies one
or more preferred languages and /or locales, messaging
application 103a / 103b may generate suggested responses in
the user 's preferred language. In various examples, sug

tion , such as Wi- Fi, Bluetooth , or other wireless technology .
In some implementations, server 135 sends and receives

data to and from one or more ofmessaging server 101 and 65
client devices 115 via network 140. Although server 135 is

illustrated as being one server, various implementationsmay

gested responses may be text responses, images, multime
dia , etc .

In someimplementations, machine learning , such as using

a conditioned language model, may be implemented on

response generator 150 , and/or on messaging server 101 , on
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client devices 115 , both messaging server 101 and client
devices 115 , etc . In some implementations, a simple
machine learning model may be implemented on client
device 115 (e.g ., to permit operation of the model within

In various implementations, users are offered control over
whether they receive suggested responses, what types of
suggested responses they receive, a frequency of the sug
gested responses , etc . For example , users may decline to

memory, storage , and processing constraints of client 5 receive suggested responses altogether, or may choose spe
devices ) and a complex machine learning model may be cific types of suggested responses, or to receive suggested
implemented on messaging server 101 and /or response responses only during certain times of day . In another
generator 150. If a user does not provide consent for use of example , users may choose to receive personalized sug

gested responses . In this example , machine learning may be
machine learning techniques, such techniques are not imple
Sely
10
used
to provide suggested responses, based on the user's
mented . In some implementations, a user may selectively preferences
relating to use of their data and use of machine
provide consent for machine learning to be implemented learning techniques
.
only on a client device 115 . In these implementations,
FIG
.
2
is
a
flow
diagram
illustrating an example method
machine learning may be implemented on client device 115 , 200 to provide suggested responses
to a message including
such that updates to a machine learning model or user 15 an image, according to some implementations. In some
information used by the machine learning model are stored
implementations, method 200 can be implemented , for
or used locally , and are not shared to other devices such as example , on a server system 102, e .g ., messaging server 101,
messaging server 101 , server 135 , or other client devices as shown in FIG . 1. In some implementations, some or all of
115 .
the method 200 can be implemented on a system such as one
For the users that provide consent to receiving sugges - 20 or more client devices 115 as shown in FIG . 1, and/or on

tions , e . g ., based on machine- learning techniques , sugges -

both a server system and one or more client systems. In

tions may be provided by messaging application 103 . For

described examples, the implementing system includes one

example , suggestions may include suggestions of content

or more processors or processing circuitry, and one or more

( e.g ., movies , books, etc.), schedules (e .g., available time on

storage devices such as a database or other accessible

pating in a conversation provide consent to use of conver-

blocks or other parts of the method 200 .

sage “ do you want to grab a bite ? How about Italian ?” a
tant lunch , italian , table for 2 .” In this example , the sug

a user , e. g ., using messaging application 103 , user prefer

a user ' s calendar ), events/ venues (e . g ., restaurants , concerts, 25 storage . In some implementations , different components of
etc .), and so on . In some implementations , if users particione or more servers and / or clients can perform different

sation data , suggestions may include suggested responses to
In block 202, it is checked whether user consent ( e . g ., user
incoming messages that are based on conversation content
permission ) has been obtained to use user data in the
For example , if a first user of two users that have consented 30 implementation of method 200 (and including use of user
to suggestions based on conversation content, sends a mes data in the method 300 of FIG . 3 , described below ). For
response may be suggested to the second user, e . g ., " @ assis -

example, user data can includemessages sent or received by
ences , user biometric information , user characteristics (iden

gested response includes a bot ( identified by the symbol @ 35 tity , name, age , gender, profession , etc. ), information about

and bot handle assistant). If the second user selects this

a user 's social network and contacts, social and other types

response , the assistant bot is added to the conversation and
the message is sent to the bot. A response from the bot may

of actions and activities , content, ratings , and opinions
created or submitted by a user, a user ' s current location ,

then be displayed in the conversation , and either of the two

historical user data , images generated , received , and/ or

users may send further messages to the bot. In this example , 40 accessed by a user, videos viewed or shared by a user, etc .

the assistantbot is not provided access to the content of the
conversation , and suggested responses are generated by the

One or more blocks of the methods described herein may use
such user data in some implementations.

In certain implementations, the content of a suggested

for which user data may be used in the method 200 , then in

messaging application 103.

If user consent has been obtained from the relevant users

response may be customized based on whether a bot is 45 block 204, it is determined that the blocks of the methods
already present in a conversation or is able to be incorpo - herein can be implemented with possible use of user data as
rated into the conversation . For example, if it is determined described for those blocks, and the method continues to
that a travel bot could be incorporated into the messaging block 210 . If user consent has not been obtained , it is
app , a suggested response to a question about the cost of determined in block 206 that blocks are to be implemented
plane tickets to France could be “ Let' s ask travel bot !”
50 without use of user data , and the method continues to block
In different implementations, suggestions, e . g ., suggested
210 . In some implementations , if user consent has not been

responses as described herein , may include one or more of:
face , etc .), images ( e. g., photos from a user 's photo library ),

obtained , blocks are to be implemented without use of user
data and with synthetic data and / or generic or publicly
accessible and publicly -usable data .

a field of the template (e . g ., " her number is < Phone Num -

suggestions based on an image . Message suggestions may

ber > " where the field “ Phone Number” is filled in based on

be provided in a variety of contexts . For example, message

Uniform Resource Locators ), message stickers , etc . In some

image on a client device 115a of a particular user ( e . g ., user

text ( e . g ., “ Terrific !" ) , emoji ( e . g ., a smiley face , a sleepy

text generated based on templates with user data inserted in 55

user data , if the user provides access to user data ), links ( e . g .,

Implementations described herein may provide message

suggestions may be provided in response to receiving an

implementations , suggested responses may be formatted 60 125a ) from any of user devices 115 , e . g ., by a messaging

and /or styled , e. g., using colors, fonts , layout, etc . For

application 103. For example, messaging application 103

example , a suggested response that includes a movie rec ommendation may include descriptive text about the movie ,

may be an instant messaging application , a social network
application , an email application , a multimedia messaging

an image from the movie , and a link to buy tickets . In

application , and the like. Message suggestions may be

different implementations, suggested responses may be pre - 65 generated and provided to the particular user automatically ,

sented as different types of user interface elements, e . g ., text

boxes, information cards , etc .

upon consent from the particular user and one or more other

users that sent and/or received the image. For example, if the
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messaging application is an instant messaging application ,

an image may be received as part of an instantmessaging
communication between the particular use 125a and one or
more other users 125 , e . g., in a messaging session (e . g ., chat)
having two participants , in a group messaging session that 5

16
In some further examples, the image may have been sent

by one or more client devices 115 , or by a bot that sends
messages, and the image may be received by a client device
115 via network 140. In a one- on - one ( 1: 1 ) messaging
session with two participants, the image may be received by

includes more than two participants , etc . In various imple a client device of a particular user. In a group messaging
session , the image may be received by two or more client
of participants in the group messaging session . In
implementations, bots may be automated agents that are devices
some
implementations
, the image may be obtained from
implemented in software and/or hardware . In some imple
om
10
storage
,
e
.
g
.
,
local
storage
device 115 (e .g .,
mentations, bots may represent or be associated with cam memory , storage drive , etc .) ofanda /orclient
remote storage acces
eras (e .g., security cameras, web cameras, surveillance cam sible to a client device over network 140 (e .g., storage drives
eras, etc .), appliances (e.g., a smart refrigerator , an alarm
a remote client device , server device , or storage device ).
device , an industrial appliance , etc .), imaging devices (e .g ., of
In some implementations, the image can be posted within
microscopes,medical imaging devices, etc.) and send one
one oror 15 the messaging application , based on a message that includes
more images via messaging application 103. In the imple
the image being transmitted by a user. For example , the
mentations that include one or more of the users that are messaging server may post the image within the messaging
bots , consent is obtained from an owner or operator of the application 103a . In another example , a client device 115
bot to use messages generated by the bot. In some imple may post the image within the messaging application 103b .
mentations, consent may be specified as a configuration 20 The method may continue to block 212 .
parameter of the bot, camera , appliance , etc . and be provided
In block 212 , in some implementations, it is determined
to the messaging application 103 upon the bot interacting whether the image is eligible for generated suggestions . In
with the messaging application 103.
this example method , it is assumed that the image is found
In some implementations , message suggestions may be to be eligible for generated suggestions. (If the image is not

mentations, one or more of the users may be bots . In some

provided specifically to those users that have provided 25 found eligible , e. g ., the method is discontinued or obtains
consent to access user data . In some implementations,
another image.) In some examples , the image is checked for

message suggestions may be provided automatically or

based on user input, e . g ., a user may be provided a user

particular types or classifications of content for which mes

sage suggestions are not to be provided . For example , the
image and / or its metadata can be sent to content server 154 ,
In block 208 , a conditioned language model is trained . For 30 which can determine whether the image content is included
example , this block can be performed as a preprocessing in particular predefined classifications for which message

interface to request suggestions.

step by the same or different system that performs other suggestions are not to be provided . Content server 154 can
blocks of method 200 , and can be performed a different use , for example , object detection techniques and /or detect
point in time from the other blocks of method 200 . The other attributes of the image indicating unsuitability . The
conditioned language model can be provided an image 35 method continues to block 214 .
feature vector as an input as well as previous predicted
In block 214 , a feature vector is determined . The feature
words (e. g ., word sequences ), and can determine the prob
vector is a condensed numerical representation of the visual
abilities of all words in a vocabulary to be the next word in pixel content of the image obtained in block 210 . For
the generated response . In some implementations, the con - example , the feature vector can be a vector having a par
ditioned language model includes a long -short term memory 40 ticular number of dimensions, with a value for each dimen
network (LSTM ) to model chat-like responses (i.e .,
sion . In some implementations, 128 dimensions can be used .
sequences of words ) conditioned on an image feature that
represents the image (as described below ). The training data

In some implementations , the feature vector can be gener
ated by a neural network based on the image pixel values

used to train the conditioned language model can include a

(e .g ., color values ).

a response to that image in a messaging conversational
context. In some implementations, responses to given

be determined from particular portions of the image , e. g .,
“ local” image features that are detected based on image

number of image - response pairs that include an image and 45

In some implementations, one or more feature vectors can

images can be synthetically created for the training data

detection or object recognition techniques ( e . g ., pattern

( e. g ., by humans) and / or the responses can be obtained from

matching , machine learning , etc .). For example , image fea

samples of actual responses from users to receiving particu - 50 tures including faces (without identity ), animals, objects ,

lar images in messages in test or actual message conversa tion contexts , if consent from the users has been obtained .

Some examples of training data are described in greater
detail below .

landscape features (foliage , buildings, sky , sunsets, etc . ) can
be detected . For example , if a main subject of an image is
det
determined
, a feature vector can be created from the portion
of the image depicting that main subject. In some imple

In block 210, an image is obtained . In various implemen - 55 mentations , a feature vector of the main subject of an image
can be considered representative of the entire image and
an emoji, or other image ), a cinemagraph or animated image used in method 200. The method continues to block 216 .

tations , the image may be a static image (e . g ., a photograph ,

( e. g ., an image that includes motion , a sticker that includes

In block 216 , one or more suggested responses to the

being detected as having been received in a message con versation context, e . g., as included in an electronic message

responses are message suggestions to be sent as one or more
conversational replies to a message ( e .g ., image ) received in

received from another user device over a communication

a message conversation ( e . g ., a conversation involving elec

image are generated based on the feature vector that repre
animation and audio , etc . ), a video , etc .
In some implementations, an image can be obtained by 60 sents the image . In some implementations, the suggested

network . In some implementations, the image may have
tronic messages sent between user devices ), where the
been received as part of a request from an application 65 received message includes the image . In some examples ,
program , e . g ., via an application program interface (API), inference by one or more language models can be used , e. g .,
for one or more suggested responses .

the conditioned language model that was trained in block
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208 , to determine the suggested responses. Furthermore ,

device over a communication network directly from an input

different techniques can be used to determine the suggested
responses based on the outputs of the conditioned language

device used by the user at a client device or other device , or
via one or more other devices (e . g ., client devices and /or

model . Some example implementations that generate sug

server devices ). The method continues to block 222.

FIGS . 3 - 5 , which use a beam search technique and a LSTM
network . In some implementations, a sampling technique

response ( s ) selected in block 220 are sent ( or otherwise
output). For example , the selected response ( s ) can be sent as

can be used to determine the suggested responses, e . g ., the
determined word having the highest probability to be the

one or more messages to one or more recipient devices. In
some examples , a message can be transmitted over the

gested responses are described below with reference to 5

next word is added to the word sequence .

In block 222 , in some implementations , the suggested

10 network 140 to one or more other client devices 115 via

In some implementations, one or more suggested

messaging server 101 and / or directly to the other client

responses can be generated based on invoking or requesting
information from one or more bots accessible to the device .

devices 115 . In some implementations, e . g ., in a one -on - one
conversation , the message is sent to the user device that sent

The responses generated by the conditioned language model the image obtained in block 210 , e . g ., in a message received
may be combined and ranked to identify one or more top 15 by the user device , such as a chat message , text message ,
suggested responses . The suggested responses can be text email message , etc . In some implementations, the message

(e.g., phrases , words, etc .), images, videos, and / or other

types of media content. In some example implementations,

suggested responses can be generated in text form as

is sent to one or more user devices that are configured for a

user account from which the image obtained in block 210

was sent. In some implementations, e. g ., when the user

described in some examples detailed below , and this gen - 20 selects more than one suggested response ( s ), the selected
erated text can be matched to concepts (e . g ., labels ) detected
responses may be sent as separate messages, as a combined
in other types of media content (such as images from a user 's message , etc . In some implementations, a user interface may
collection or from an accessible image library or photo

be provided that permits a selected suggested response to be

library, if user consent has been obtained ), where these
edited , e. g ., in a message composition interface , prior to
concepts can be identified in the media content similarly as 25 outputting a message . The method can then return to block
described herein . Such matched media content can then be 210 in some implementations , e . g ., if another image has
provided as message suggestions as described herein . The been obtained .

method continues to block 218 .
In block 218 , one or more of the top - ranked suggested

FIG . 3 is a flow diagram illustrating an example method

300 to generate one or more suggested responses based on

responses are provided to the user. For example, the top - 30 a feature vector representing an image . For example,method
ranked suggested responses can be displayed on a display

300 may be used to implement block 216 of the example

device of a client device 115 used by the user. In some
examples, if the image was obtained in a received message ,

method 200 of FIG . 2 .
In a general summary and examples, the method 300 can

the image can be displayed in a messaging interface and the

include the following features in some implementations .

top - ranked suggested responses can be displayed in asso - 35 First , a start token is pushed into a beam queue . Further , the

ciation with the image , e .g ., on one side of the image . In

various implementations, a particular number of the top

ranked suggested responses can be displayed , e . g ., three , ten ,

feature vector for the image is fed to a conditioned language

model . At an initial stage (block 304 ), the conditioned

language model produces one or more words from a vocabu

etc . In some implementations , the number of presented lary as a first word that is determined based on the feature
suggested responses can be determined by the user, e . g ., via 40 vector, e . g ., words from previous responses used as training
user input and/or stored user preferences. In some imple - data , such as “ pretty ” " cute ” and “ neat.” For each word in
mentations, one or more of the top - ranked suggested

the initial stage, one or more word sequences are determined

responses are provided ( e. g ., transmitted ) to a requesting

by adding a next word to create a sequence . For example , if

device or application , e. g., an application on the same

the initial word is “ pretty,” sequences may be determined

system performing method 200 or a different system , that 45 that each start with " pretty , " e . g ., " pretty woman ," " pretty

requested one or more suggested responses . The method

girl," " pretty cool," etc . Additional words may similarly

continues to block 220.

continue to be added to a word sequence in later stages .

In block 220 , in some implementations, a selection of one
ormore of the displayed top -ranked suggested responses is

Different word sequences may be of different lengths , e. g .,
pretty good deal” may be a sequence of size 3 . The process

received . For example, the selection can be based on user 50 may be repeated for other words determined in the initial
input provided by the user at a user device , e. g ., via an input
device such as a touchscreen or trackpad receiving a user

stage , e .g ., " cute !" , " cute poster,” “ neat trick ," and so on
(blocks 306 - 320 ). The top N sequences from the determined

touch , a microphone receiving a voice command , a button ,

word sequences , based on the one or more first words, may

mouse , or joystick receiving user manipulation , etc . In some be selected as suggested responses .
examples, the user can input a single tap on a touchscreen to 55 In block 302, a feature vector is input to a conditioned
select an associated suggested response , thus reducing the language model to condition the model. For example , the

amount of user input compared to manually entering a

feature vector can be a condensed representation of an image

response . In some implementations, one or more of the

obtained as described above for FIG . 2 . The conditioned

suggested responses can be selected automatically (without

language model can include a trained neural network that

user input), e . g ., based on user preferences , user context 60 has been trained using training data of images and common

(e .g ., geographic location , time or date , etc ., if user consent
has been obtained ), or other predefined conditions .

In some implementations, block 220 can be implemented
by a client device , e .g ., receiving the selection via an input

responses, e .g ., as described above for block 208 of FIG . 2 .
The training data responses include words that form a

vocabulary of available words which are used to form
suggested responses. For example , a long -short term

device connected to the client device . Some implementa - 65 memory (LSTM ) neural network can be used , where the

tions can implement block 220 using a server device , e . g .,
that receives the selection that is transmitted to the server

image feature vector is input to a first instantiation of the
LSTM . Some examples of an LSTM network which can be
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used are described below with respect to FIG . 5 . The LSTM

20
sequence was input in block 308 determines the words and

network ( or other conditionallanguagemodel) can be imple -

probabilities . The words and probabilities are determined by

mented in storage ( e. g.,memory ) of a device and using one
or more hardware processors. Some advantages of inputting

the conditioned language model based on the training of the
conditioned language model using the training data includ

conditioned language model include that a feature extractor
need not be deployed in the conditional language model,

provide the vocabulary of words . For example , the vocabu
lary of words includes the words used in the responses of the

allowing a smaller size for the conditioned language model

training data used to train the conditioned language model.
In some implementations, the vocabulary of words can

a predetermined feature vector representing an image to the 5 ing previous images and associated previous responses that

and potentially faster model execution .

In block 304 , an initial word is pushed into a beam queue. 10 include a large number of words, e . g ., thousands. In some

In this example , a beam search technique is used to search
for and compose responses based on the image and the

implementations, the conditioned language model deter
mines the probability of each word in the vocabulary of

outputs of the conditioned language model. Each response is

being the next word in the word sequence given the image

a "word sequence, ” which can be one or more words
feature vector, as based on the training from training data
provided in a sequence , e . g ., a sequence of words as found 15 including responses to particular images , such that all words
in a response such as " so cute” and “ I like it.” A word can
in the vocabulary have probabilities determined

be a string of one or more characters , where the characters
can be letters, punctuation marks (e.g ., " !" or " ?" ), or in

In some implementations, a subset of the set of vocabu
lary words can be determined for probabilities, e.g ., all
some implementations can be icons, emoji, symbols, or nouns , adverbs , or other types of words in the vocabulary , or
other characters.
20 a different selected subset of the vocabulary words. In some
The initial word that is pushed into the beam queue is used
implementations, the subset of vocabulary words can be a
to initiate the word generation process for word sequences . subset of words having a known high probability (e.g .,
In some implementations , the initial word is a special start above a threshold probability or frequency ) that they will be
token that indicates it is the start of the process . For example ,

used in responses to received electronic messages , and /or

the responses output from the conditioned language model 25 used in responses to images received in such messages , e . g .,

can ignore the start token and any end token ( described
below ) . In some implementations , the beam queue has a

based on general user data from prior sent messages and
responses (if user consent from the senders /recipients of

maximum size Q , indicating that a maximum of Q word such messages has been obtained ). As described above, the
sequences ( beams) are to be processed as described below . words can include text words , symbols (e . g ., punctuation
30 symbols , ellipses , etc .), emoji, etc . In some implementa
For example, Q can be 10 , 20 , or other number.
In block 306 , a word sequence in the beam queue is
tions, the words can include images ( e .g ., " stickers ” ), ani
selected . For example , in the first iteration of method 300 , mations, etc . In some implementations , one of the possible
the selected word sequence is the first word , such as a start

next words for any word sequence from the vocabulary is a

token as described above. In later iterations, the selected

special end token , e.g ., a token designated to indicate the end

queue that has not yet been processed (e . g ., not yet been
processed to find the next word of that word sequence ). In
some implementations, the word sequences stored in the

of different word sequences are effectively created , based on
respectively appending each used vocabulary word to the
end of the selected word sequence .

word sequence can be a next word sequence in the beam 35 of the word sequence . In some implementations, a plurality

beam queue are word - image embeddings created by the
In block 312 , a number (e .g ., ) of word sequences ,
LSTM neural network , where each embedding is vector of 40 including the next words determined in block 310 , are

numbers that encodes , in a condensed form , the words that
have so far been included in the word sequence as well as the
image of the feature vector. For example , each word can be

chosen based on the probabilities of the next words deter
mined in block 310 . Thus, the Q word sequences are chosen
based on associated probabilities for their next words . The

represented by a word embedding that can have the same

chosen Q word sequences are a subset of the word sequences

number of dimensions as the feature vector, e . g ., they are 45 formed from respectively appending the next words deter

mapped to the same space and can be combined into the

mined in block 310 to the selected (previous) word

model. An example of an LSTM architecture is shown in

with the highest probabilities are chosen . For example , each

word -image embedding.
sequence . For example , the Q word sequences are chosen in
In block 308, the selected word sequence is input to the which their next words have the highest probabilities as
conditioned language model. For example, the selected word determined in block 310 . For example , a probability is
sequence can be input to one LSTM (e .g ., instantiation ) of 50 generated for each next word for each of the word sequences
the LSTM network providing the conditioned language in the beam queue , and the Q word sequences associated

FIG . 5 . In some examples, in an initial iteration of block 308 ,

chosen word sequence is a word embedding including the

the image feature vector input in block 302 is input to a first
image vector , the previous chosen words of this word
LSTM (e . g ., instantiation ) and the initial word ( e .g ., start 55 sequence , and the next word that is now embedded to the end
token ) is also input to the first LSTM . In later iterations of of this word sequence . In some cases, these can be word
block 308 , the selected word sequence is an embedding that
sequences in which the next word is an end token . In some
encodes the image feature vector and the words that have so
implementations, the Q word sequences having probabilities
far been included in the selected word sequence , and is input above a predetermined probability threshold are chosen .
to a later LSTM ( e . g ., instantiation ) that provides the next 60 In some implementations, the choosing of word
sequences can be influenced by other factors. For example ,
word in the word sequence .
In block 310 , using the conditioned language model, a
one factor can be one or more previous message responses

plurality of words are determined or generated , from a
vocabulary ofwords , to be a candidate next word in the word

sentby the user forwhom the suggested responses are being
generated. In some examples , if one or more of the generated

sequence , and probabilities are determined for the plurality 65 word sequences is the same or similar (e . g ., having a

of words to be the next word in the selected word sequence .

For example, the LSTM to which the selected word

percentage threshold of the same words in the same

sequence ) as a previous response provided by the user in a
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messaging context, then higher weight can be assigned to
those similar generated word sequences . For example , a

22
example , suggested responses such as the first one," " the
second one,” “ third one,” “ the blue one,” etc . can be

chosen over other word sequences associated with the same

gested responses, as responses to a received set of images

higher weight may cause the weighted word sequence to be

generated and /or weighted more highly in generated sug

or similar probability as the weighted word sequence . The 5 and / or a received message asking which object to purchase .

previous user responses can be obtained , for example , from
In block 314 , in some implementations , it is determined
message data storage such as the message application data - whether all of the chosen word sequences are on a whitelist.
base 199 , if user consent has been obtained . In some For example , the whitelist can be a subset of the responses
implementations, the previous image to which the previous provided in the training data used to train the conditioned
response replied can also be compared to the current image , 10 language model . The whitelist can be stored in accessible
if such a previous image is available ( e .g ., in message data storage , e .g ., memory or other storage of an accessible
storage ) . If the current image is similar to the previous image
( e . g ., there is percentage similarity of values in their feature

device of environment 100 . In some implementations, the
whitelist provides responses that are allowed to be output.

vectors ), then it indicates that the previous response replied

Each chosen word sequence from block 312 can be com

to a previous image that was similar to the current image . 15 pared to the responses on the whitelist. Word sequences that

Consequently , the generated word sequences that are similar

are not present on the whitelist are not allowed to be output

image can be assigned a higher weight to increase their
eligibility to be chosen in block 312 .

can be used , e .g ., providing responses that are not allowed

to the previous response corresponding to that previous

as suggested responses. In some implementations, a blacklist

to be output, such that chosen word sequences matching
In some implementations , previous images received by or 20 responses on the blacklist are not allowed to be output.

sent by the user or user device can influence the choosing of

If all of the chosen word sequences are found on the

the word sequences (e.g., block 312 ) and /or the generation

whitelist in block 314 , the method continues to block 318 ,

of word sequences (e .g ., block 310 ). In one example , sug
gested responses can be generated and /or weighted to refer

described below . If one or more of the chosen word
sequences are not found on the whitelist in block 314 , then

to a previous image in the context of a current (more 25 the method continues to block 316 , in which the word
recently -received ) image . For example , such suggested
sequences that were not present on the whitelist are replaced
responses can be determined if the previous image was with other word sequences including different next words as
received within a predetermined time period before the determined by the conditioned language model in block 310 .
current image was received . In some examples, if the

For example , the word sequences having a next word with

previous image is determined to depict a first type of object 30 the next highest probabilities after the N highest probabili
( e .g ., article of clothing such as a shirt ), and the current

ties can be chosen to replace the word sequences not on the

image also depicts a same type of object (e .g ., based on
image object recognition techniques , image tags or other
metadata , etc.), then the generated suggested responses can

whitelist. The method continues to block 318 .
In block 318 , the chosen word sequences are pushed into
the beam queue. For example, word sequences that are

include “ I liked the other one better” and /or " I like this one 35 derived from earlier versions of word sequences in the beam

better."

queue (e.g ., where the earlier versions have fewer words )

In another example , suggested responses can be generated
and/ or weighted based on previous responses that were

can be stored in place of the earlier versions in the beam
queue (e . g ., in place of earlier versions that do not have an

previously sent in response to a series or set of such previous

end token , in some implementations).

images sent or received within a threshold period of time of 40

In block 320 , it is checked whether all the word sequences

each other. In some examples , such suggested responses can
be generated and/ or weighted higher if a set of images has

in the beam queue have met one or more terminating
conditions. For example , one terminating condition can be

been currently received that is similar or corresponding to

that all word sequences in the beam queue have ended with

the set of previous images ( e. g., where the set of previous

the special end token as their last word , indicating that there

images were received within a threshold period of time from 45 will be no more words added to those word sequences. The

the current time). In some cases , one or more previous

conditioned language model can generate the end token for

messages may be associated with the previous images ( e . g .,
attached with the previous images or sent within a threshold

a word sequence as one of the generated next words of a
sequence . Another terminating condition can be that a maxi

time period of sending the previous images ), and such mum length of words in the word sequences has been
previousmessages can also be used in the response genera - 50 reached for the word sequences in the beam queue. A
tion and/ or weighting. In some examples, several previous combination of terminating conditions can be also be

images may have been received by the user within a thresh
checked , e .g ., all word sequences in the beam queue end
with the special end token or have the maximum word
other in their subject matter. For example , the previous length .
images may depict objects of the same type ( e. g., particular 55 If not all word sequences in the beam queue have met one
types of articles of clothing ) and which have different or more terminating conditions , the method returns to block
characteristics (e .g ., colors, sizes, styles, etc .) that are 306 to select a word sequence in the beam queue. In some
depicted in the image ( and detected using one or more object
implementations, the selected word sequence can be a word
recognition techniques ) and/or indicated in metadata of the sequence that has not ended in the special end token , has not
old time period of the current time, which are related to each

images. In addition , a previous message such as " which one 60 attained the maximum word length , or has not achieved

should I buy ? ” may have been received , which is associated
with one or more of the previous images . Previous responses
for such a set of previous images and /or previous message

some other terminating condition . In some implementations ,
the selected word sequence can be one of the word
sequences that were just generated ( e .g ., had a word added )

may have been the second one ," " I like the blue one" ( if one

and stored in the beam queue in the last iteration .

of the depicted articles is blue), etc . Suggested responses can 65 If, in block 320 , all the word sequences in the beam queue
be generated for a current set of images based on training have met one or more terminating conditions, the method

data including such previous messages and images. For

continues to block 322 , in which the word sequences in the
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generator outputs a feature vector of a number of dimen

23
beam queue are designated as suggested responses. For
example , these word sequences and scores of these word
sequences (described below ) can be flagged and/ or stored as

suggested responses. The method then continues to block
324 .

In block 324 , it is checked whether there are one or more

sions , which is output to a response generator 408 .
In some implementations, the response generation module

408 determines one or more suggested responses for the

5 image feature vector by using a conditioned languagemodel
410 . The response generation module 408 (and / or condi

tioned language model 410 ) can use a whitelist 412 in some

additional word sequences to process . For example , there
may be one or more word sequences chosen in block 312

(and qualifying in block 314 ) from a previous iteration
which did not yet meet a terminating condition because

implementations to potentially filter out some suggested

10

responses, e.g ., that do not appear on the whitelist.

In some implementations, one or more suggested

responses can be generated based on invoking or requesting
information from one or more bots accessible to the device .

other chosen word sequences were pushed into the beam
queue to process. If there are more word sequences to
process, the method continues to block 304 to push an

For example , if the response generation component 408 ( or

other component of the system ) determines that an appro
unprocessed word sequence into an (empty) beam queue
queue,, 1515 prie
priate suggested response would be particular information

and repeat the processing of blocks 306 -320 .

If there are no more word sequences to process as checked

relevant to the content of the image , a bot that can obtain that
information can be determined and a command and /or

in block 324 , the method continues to block 326 , in which
the designated word sequences are output as generated

request to the bot can be generated as a suggested response .
In some implementations, a message ranking component

suggested responses. For example , the output suggested 20 414 can receive the suggested responses generated by the
responses can be provided to block 218 of FIG . 2 . In some response generation module 408 and combines and ranks the
implementations , as described above for block 322 , the
suggested responses into a ranked order. For example, the
beam search produces a score for each word sequence , and
suggested responses can be ranked based on calculated
the word sequences are ranked based on this score . For scores , where a score can be determined for each suggested
example , the score of a word sequence can be based on the 25 response determined for the image . In some implementa
probabilities of one or more of the words included in that
tions, a score can be determined for each suggested
word sequence as determined by the conditioned language
response . In some implementations, the scores are based on
model. In various implementations, the score of a word
the probabilities determined by the conditioned language
sequence can be the probability of the last word added to the
model as described above. In some implementations, the
word sequence , or a combination ( e . g ., average ) of the 30 scores can be based on a determined probability that the

probabilities of the words in the word sequence , and /or can

suggested response is relevant to the image, where the

be based on other factors (e .g., word sequences with fewer
words can be assigned a better ( e . g ., higher ) score than word
sequences with more words, word sequences with particular
words ( e . g ., from a predetermined list ) can be assigned a
higher score than words not on the list, etc.).

probability can be based on , e . g., frequency of occurrence of
the response in historical message data ( and/ or in training
data as described above ). Historical message data may be
data from prior conversations where participants in the
conversation have provided consent for use of such data to

In some implementations, the word sequences can be
output in block 320 in a ranked order based on their scores,

e . g., such that block 218 can select a particular number of
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implement suggested response features . Historical message
data is not used if users have not provided permission for

such use. In some implementations, the response generation

top -ranked suggested responses .
40 module 408 can provide scores for the responses , which can
In other implementations, other methods or variations of be used to rank the responses by the message ranking

the blocks of FIG . 3 can be used to determine suggested

component 414. In some implementations, the response

responses using the conditioned language model. For

generation module 408 can provide scores and rankings of

example , some implementations can use different sizes of

generated suggested responses, as described above for FIG .

beam queue , different order of performance of one or more 45 3 , e . g ., themessage ranking component 414 can be included

of the blocks , different techniques for generating and retain
in the response generation module 408 .
ing different word sequences provided from the conditioned
Suggested responses can be output in the ranked order. In
some implementations , suggested responses that request
language model, etc .
FIG . 4 is a block diagram illustrating one example module
information from bots can be similarly ranked based on one
400 that can implement one or more suggested response 50 or more confidence scores determined based on similar
features described herein . In some implementations, a mes
factors ( frequency in training message data , etc .), and/or in
saging module 402 can be a component of a messaging
some implementations at least one bot-related response can

application 103, and may obtain an image as described
above for FIG . 2, e.g ., as part of a received message from a

always be ranked highly (e. g ., a response that invokes the
bot can be presented as an alternative suggested response for

different user device . The image can be sent to a message 55 the user ). In some implementations, the system can also rank
suggestion module 404 , which can include several different

suggested responses based on diversity . For example , if

components . Some or all of the components of the message

multiple highest ranking suggested responses are similar to

suggestion module 404 can be implemented in messaging

each other in words, letters , or semantic meaning ( e . g ., as

application 103, response generator 150, and/or in other

determined by referred - to dictionaries , thesaurus, or other

modules or components of the system shown in environment 60 technique and / or data ), then the ranking can be adjusted to

100.

increase diversity of suggested responses , e .g., by lowering

For example, the image (e . g ., image pixels ) can be sent
from messaging module 402 to the feature vector generator

the rank of at least one of the similar responses .
In some implementations, a particular number of the

406 which is described above with reference to FIG . 2 . As

top - ranked suggested responses can be sent to be displayed

feature vector represents the image . The feature vector

one or more messages to other devices, where the one or

described above , the feature vector generator 406 deter - 65 or otherwise output on a user device . One or more of these
mines a feature vector based on the image pixels , where the
suggested responses can be selected by user input to send
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a Word N probability distribution 530 that indicates the

responses . In some implementations, if a selected suggested
response is a command or request to a bot, the bot can be

probabilities of the words of the vocabulary to be the next
word (Word N ) in the word sequence.

added to a message conversation and obtains and displays

In the example training process, determined probabilities

requested information in the conversation interface, and the 5 are fed back to the LSTMs and weights are adjusted such

users can send further messages to the bot.
FIG . 5 is a block diagram illustrating one example of a

LSTM architecture 500 that can implement one or more
features described herein . The LSTM architecture 500

that the LSTMs produce high probabilities for word

sequences that have been used in responses, e. g ., based on
the input Word 1 to Word N - 1 embeddings 516 and 526 that
are known to have been included in the responses of the

implements the conditional language model and includes 10 training data that correspond to the image (represented by

multiple LSTMs 502 that represent instantiations or copies

the image feature vector) of the training data .

of an LSTM model block at different stages of the imple -

During runtime ( e. g., inference processing to determine

response pairs as described above , which may have been

by an image feature vector 504 is input to the LSTM 506 .

word probabilities based on an input image , an example of
mented process .
In this example , training is first provided for the system . which is described for FIG . 3 ), the conditioned language
In some implementations , training data can include image - 15 model has been previously trained . A new image represented

filtered ( e. g ., filtered via pointwise mutual information

The LSTM 506 determines a distribution over the words of

( PMI) filtering) and/or otherwise processed . The LSTM

the vocabulary for the next word , Word 1 , based on the

sequence . For the training, image feature vectors represent
ing images of the training data are input to a first LSTM 506 .

distribution 510 that indicates the probabilities of the words
of the vocabulary that can be used for Word 1 as the next

In addition , for the training ( and not for inference ), word

word in the word sequence . A search method can select one

model is trained to output probabilities of the next word in
image feature vector, and outputs a vector of values for the
a word sequence after being input an embedding including 20 distribution that is input to softmax function 508 . The
the image feature vector and all previous words in the word
softmax function 508 determines and outputs a probability
embeddings are input to the LSTMs after the LSTM 506 , 25 or more of these words based on these probabilities, e . g .,

where the word embeddings represent individual words that

using the beam search technique described above with

were included in responses of the training data that corre -

reference to FIG . 3 .

spond to the images . In some examples , the words of a
In a following iteration , the search method (e . g ., block
training data response are input to the LSTMs at one time. 308 of FIG . 3 ) provides an embedding representing the
In some examples , a word ID ( e. g ., word ID 514 or 524 ) can 30 feature vector and the previous word chosen for the word
be a one -hot vector representing a particular word and
sequence to the second LSTM 512. The LSTM 512 deter
having a dimension size of the vocabulary , which is fed into mines a distribution of words from the vocabulary for the
a neural network to produce a word embedding (e . g ., word
next word of the word sequence, Word 2 , based on the
embedding 516 or 526 ) which is a lower dimensionality
embedding, and outputs a vector of values for the distribu
vector, e. g ., having the dimensionality of the image feature 35 tion that is input to softmax function 518 . The softmax
function 518 determines and outputs a probability distribu
vector .

In an example training process, the first LSTM 506

outputs a vector of values ( the output of the LSTM neural
network , e. g., the top layer of the LSTM ) encoding infor-

tion 520 that that indicates the probabilities of the words of

the vocabulary that can be used for Word 2 as the next word
in the word sequence . The search method selects one or

mation indicating a distribution of words for a Word 1 , 40 more of these words based on these probabilities . In a

where the vector is input to a softmax function 508 . The

softmax function 508 outputs a Word 1 probability distri -

bution 510 that indicates the probabilities of the words of the

following iteration, the search method can input an embed

ding representing the feature vector and the previous words
chosen for the word sequence to the next LSTM 522 to

vocabulary to be the next word (Word 1) in the word
determine a word distribution for the Nth word of the word
sequence . The vocabulary words are from the responses 45 sequence , and the LSTM 522 similarly produces a probabil
used in the training data used to train the conditioned
ity distribution 530 for Word N . The search method selects
learning model. The first LSTM 506 also outputs an embed - one or more of these words based on these probabilities .

ding that is input to the second LSTM 512 , where the

embedding includes a representation of the image feature

Thus, the LSTM network of FIG . 5 determines the

probability of each next word in a word sequence . In effect,

vector 504 and previous words of the sequence . In the 50 the LSTM network determines probabilities associated with

example of FIG . 5 , a sample Word 1 ID 514 is provided as

each word sequence , since the previous words , determined

a word embedding 516 that is input to the second LSTM
512, e . g ., representing a first word included in a response to
the image represented by image feature vector 504 . The

based on their probabilities, are included in the word
sequence embedding that an LSTM instantiation provides to
the nextLSTM instantiation . The suggested responses deter

LSTM 512 outputs a vector of values encoding information 55 mined from the word sequences thus are also associated with

indicating a distribution of words for a next word (Word 2 )

the probabilities.
that is input to a softmax function 518 , and the softmax
The conditioned language model can be trained based on
function 518 outputs a Word 2 probability distribution 520 training data as described above. The conditioned language
that indicates the probabilities of the words of the vocabu - model can be created , based on the training data , prior to
lary to be the nextword (Word 2 ) in the word sequence . The 60 receiving the image for which suggested responses are to be

LSTM 512 also outputs an embedding representing the
image feature vector and the previous words of the

sequence, where the embedding is input to the Nth LSTM
522 . An N - 1th word ID 524 is provided as a word embed

generated, so that upon receiving the image , the suggested
messages can be generated using the existing model.

In some implementations, part or all of the conditioned
language model can be updated based upon images received

ding 526 to the Nth LSTM 522 . LSTM 522 outputs a vector 65 during runtime and based upon suggested responses that
for a determined next word (Word N ) that is input to a
were ultimately selected by the user (or application for
softmax function 528 , and the softmax function 528 outputs sending in a message or selected for other use . For example ,
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the received image and a user-selected response can be
provided as a new image -response pair using in updating
training of the model.
In some examples , the training data may be message data

In some implementations, if user consent has been
obtained , a user 's preference for one or more responses (e.g.,
as indicated in previous response data ) can be used to weight
same or similar responses in the training data for the training
that includes images and responses to those images. For 5 of the model. The user preference can be indicated , for
example , the message data can be synthetic data , e .g ., based example , for responses that have been frequently provided
by the user ( e. g., provided by the user more than a threshold
on simulated conversations where no human users are number
of times) and/or have been received and rated
participants . In some implementations , training data may
favorably by the user ( e. g., with an explicit user rating or
include images and messages actually exchanged by users 10 positive
return reply ). For example, the same or similar
who consent to provide such data for training purposes .

responses can have a greater bias in the training of the

Training data is treated before use to remove user identifiers

model, e. g., causing these responses to have greater prob
abilities or scores when the model generates probabilities as
described above . Similar responses can include responses

and other user -related information . For example , in some

implementations, image - response pairs can be obtained as

training message data ,which identify a particular image that that have the same word roots ( e . g ., words without suffixes
was received and the content of the response that was 15 or
punctuation ), and/ or have the same semantic meaning as
selected by a user and transmitted in reply to receiving the

determined by referenced databases ( e.g ., thesaurus, diction
particular image . For example, the responses may have been aries
, etc .), knowledge graphs, or models.
selected in a messaging application during a conversation .
The
methods, blocks, and operations described herein can
In some implementations, to determine at least a portion 20 be performed
in a different order than shown or described ,
of the training message data from a set ofmessage data, the and/ or performed
simultaneously (partially or completely )
system can determine frequent historical responses from
with
other
blocks
operations, where appropriate . Some
users in the set ofmessage data in reply to receiving images blocks or operationsor can
be performed for one portion of
in messages, and the most frequent responses and images data and later performed again
, e .g ., for another portion of
can be organized and stored by the system as training dataM :. 25 data . Not all of the described blocks
and operations need be
In some implementations, many of the most frequent performed in various implementations
In some implemen
responses in the set of message data may not be as suitable tations, blocks and operations can be. performed
to determine suggested responses as other, less frequent times, in a different order, and / or at different timesmultiple
in the
responses . For example, the most frequent responses may be methods.
dominated by responses thatmay not be specific to particu 30 In some implementations, some or all of the methods can
lar images (e . g ., particular types of image content). In some

examples, a generic response such as “ lol” may be themost

be implemented on a system such as one or more client

frequent response to many different images and / or many
different types of image content (e . g ., image features ), and
is not specific to any particular image content or types of 35
image content. Some implementations can filter out such

devices . In some implementations, one or more methods
described herein can be implemented , for example , on a
server system , and/ or on both a server system and a client

responses for an image for training data. For example ,
statistical association scores can be computed between
images and responses. In some examples, pointwise mutual
information (PMI) can be determined for each image -re

blocks, operations, or other parts of the methods.

frequent generic responses to obtain more content- specific

sponse pair as below :

P (image, response )
PMI(image, response) = 108 P(image)P (response)

system . In some implementations , different components of

one or more servers and /or clients can perform different
FIG . 6 is a graphic representation of an example client
device 600 displaying a user interface 601 in which a

messaging application is used for a conversation between

users . In this example , a first user and a second user are

participating in a chat via their client devices, where the

second user is operating the client device 600 . The first user,
represented by displayed icon 602 , sends a message 604 to
45 the second user as displayed in the user interface . For
example , the message 602 may have been transmitted over

a network from a user device of the first user to the client
Pairs having an association score (e .g., PMI) below a device 600 operated by the second user. The second user
particular association threshold ( e . g ., PMI threshold ) can be
responds with a message 606 which is displayed in the user
removed from the training data. In some examples, an 50 interface . For example , the second user may have input the
association threshold of 1 can be used . The pairs remaining message 606 in the user interface 601, e . g . via a displayed
after the filtering are more frequently occurring than the keyboard or other input display or device . In response , the
filtered pairs when the image and response independently
first user sends a message including image 608 to the second
occur in the set of message data , and thus the responses of user, where the image 608 is displayed in the user interface
these remaining pairs are more specific to the image content 55 after ( e . g ., below ) the previous messages of the conversa

in these remaining pairs ( e. g ., the pairs remaining have

images and responses more associated with each other,

while the pairs filtered out have images and responses less

associated with each other). The remaining pairs can be used

tion . In some examples , the first user 602 is a human user.

In some implementations, the first user 602 may be a bot.
In some implementations , the first user sends messages to

the second user by messaging a phone number (e . g ., when

as the training data to train a conditioned language model to 60 the messaging application 103 works over SMS, or another

generate suggested responses for new images that are
detected to be similar to images included in the remaining

pairs. Thus, the training data can be filtered such that the

messaging application that utilizes phone numbers ) or
selecting the user from a contacts list (e . g ., when the

messaging application 103 works over rich communications

previous responses in the training data are more specific to
services (RCS ) or another chat interface ).
particular content of the previous images than other, more 65 FIG . 7 is a graphic representation of the example client
generic , previous responses that are filtered out of the
device 600 and user interface 601 of FIG . 6 with a conver
training data .

sation in a messaging application that includes generated
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suggested responses to the received image . The conversation

message to send to the first user. The responses 806 , 808 , and

illustrated in FIG . 7 is the same as that in FIG . 6 . As seen in

810 can be appropriate responses determined directly based

suggested responses 710 to the image 608 , e .g., by using the

have been determined by other techniques in which sug

by the second user to input a textmessage to send to the first
user ( e.g . via keyboard , voice commands , etc.). Any of the

image features and concepts depicted in the image .
FIG . 9 similarly illustrates a user interface 900 that

FIG . 7 , the messaging application 103 provides one or more

on the image pixels . For example, response 806 may not

method illustrated in FIG . 2 , which are displayed in the user 5 gested responses are determined based on labels such as
interface 601. A message field 718 can alternatively be used
“ lake ," " sky ” and “ trees” were determined based on detected

suggested responses 710 may be selected by the second user

displays a received image 902 and suggested responses 904

as a response to receiving the image 608 . For example , 10 determined using the conditioned language model based on

suggested response 712 (having the text “ aww ” ), suggested
response 714 (having the text “ cute couple ?''), and sug -

the image 902 and presented in the user interface 900 for
selection by the second user in reply to the image 902 . In this

gested response 806 (having the text “ where is that ?'') are

example , the suggested responses include suggested

608 . For example , the suggested responses 712 , 714 , and
716 are displayed under the received image 608 in FIG . 7 ,
but can be displayed in any of a variety of locations in the

second user to send the selected response ( s ) to the first user

user interface (e . g ., above , to the side , or surrounding the

alternatively be used by the second user to input a text

displayed in the user interface 601 as options for the second
response 906 (“ looks like fun ” ), suggested response 908
user to select to respond to the message including image 15 (“ whee ” ), and suggested response 910 (“ fun !" ). One or more

of the responses 906 , 908 , and 910 can be selected by the
over a communication network . A message field 912 can

image 608 , in a separate displayed field or window in user 20 message to send to the first user. The responses 906 , 908 , and
interface 601, etc .) .
910 can be appropriate responses determined directly based

In the example shown in FIG . 7, the image 608 has been
processed by the conditioned language model to determine
suggested responses based on the model's training as
described herein . One or more of the suggested responses
710 may be determined based on the conditioned language

25

on the image pixels . For example , response 906 may not
have been determined by other techniques in which sug
gested responses are determined based on labels such as
“ persons," " man ," "woman ," and " trees ” determined for the
image based on detected image features and concepts

model that has been trained by training data including depicted in the image .
previous responses provided by users to images depicting
FIG . 10 similarly illustrates a user interface 1000 that
similar pixels to image 608 . Since the responses are deter - displays a received image 1002 and suggested responses
mined directly based on a representation of image pixels, 30 1004 determined using the conditioned language model
suggested responses can be determined and presented which
based on the image 1002 and presented in the user interface
are appropriate and relevant to the image and which are not
1000 for selection by the second user in reply to the image
limited to determined labels that are based on concepts or

1002 . In this example , the suggested responses include

depicted image features detected by the system in the image

suggested response 1006 (“ those are cute” ), suggested

608 . In this example , the suggested response 712 , " aww , " is 35 response 1008 (“ I like it" ) , and suggested response 1010

determined based on the image pixels and machine learning

(" available in red ?''). One or more of the responses 1006 ,

training based on previous message data . The suggested
response 712 may not have been able to be determined by
other techniques in which labels are determined and sug

1008 , and 1010 can be selected by the second user to send
tion network . A message field 1012 can alternatively be used

the selected response ( s ) to the first user over a communica

gested responses are determined from the labels , e . g ., based 40 by the second user to input a textmessage to send to the first
on data relating labels to suggested responses . For example ,
user. The responses 1006 , 1008 , and 1010 can be appropriate
such labels may include " persons," "man ,” and “ woman ” to
responses determined directly based on the image pixels .
describe image features detected in the image 608 by the
For example , response 1006 may not have been determined

system , and such labels may not be likely to produce a by other techniques in which suggested responses are deter
suggested response such as response 712 and /or other 45 mined based on labels such as " clothing" and " pants ”
responses 714 or 716 .
determined for the image based on detected image features

FIGS. 8, 9, 10 , and 11 are graphic representations illus -

trating additional examples of determined suggested
responses to images, e . g ., received in a message from a

and concepts depicted in the image .

FIG . 11 similarly illustrates a user interface 1100 that
displays a received image 1102 and suggested responses

different user device . In these examples, the suggested 50 1104 determined using the conditioned language model

responses are displayed in user interfaces of a messaging
application and can be generated by or for the messaging
application using one or more features described herein .

based on the image 1102 and presented in the user interface
1100 for selection by the second user in reply to the image
1102 . In this example , the suggested responses include

FIG . 8 illustrates a user interface 800 that displays a

suggested response 1106 (“ You look great" ) , suggested

using the conditioned language model based on the image

1010 (“ lucky guy ” ) . One or more of the responses 1106 ,

received image 802 and suggested responses 804 determined 55 response 1008 (“ she loves you !" ), and suggested response

802 and presented in the user interface 800 for selection by

1108 , and 1110 can be selected by the second user to send

the second user in reply to the image 802. In this example,

the selected response ( s) to the first user over a communica

the suggested responses include suggested response 806

tion network . A message field 1112 can alternatively be used

(“ beautiful" ) , suggested response 808 ( pretty ' ), and sug - 60 by the second user to input a textmessage to send to the first
gested response 810 (“ where is that? " ) . One or more of the
user. The responses 1106 , 1108 , and 1110 can be appropriate

responses 806 , 808 , and 810 can be selected to send the

responses determined directly based on the image pixels.

selected response (s ) to the first user over a communication

For example, response 1106 may not have been determined

alternatively be used by the second user to input a text

image features and concepts depicted in the image .

network ( e . g ., a confirmation prompt can be displayed to
by other techniques in which suggested responses are deter
request that the second user confirm that a selected sug - 65 mined based on labels such as " persons," " woman ,” “ man ,"
gested response is to be sent). A message field 812 can
and " kiss” determined for the image based on detected
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Bot Implementations
A bot is an automated service, implemented on one or

time. For example , if user A suggests meeting for coffee but

more computers , that users interact with primarily through

assign a negative sentiment score for coffee to user B and

text, e .g ., via messaging application 103a / 103b . A bot may

may not suggest a coffee shop for the meeting.

some implementations , a provider ofmessaging application

tages. Conventionally , a user may utilize a software appli

103a / 103b may also provide one or more bots. In some
implementations , bots provided by the provider ofmessag -

cation or a website to perform activities such as paying bills ,
ordering food , booking tickets , etc . A problem with such

if user B states that he does not like coffee, then a bot may

be implemented by a bot provider such that the bot can 5 Implementing bots that can communicate with users of
interact with users of various messaging applications . In messaging application 103a / 103b may providemany advan
ing application 103a / 103b may be configured such that the 10 implementations is that a user is required to install or use

bots can be included in other messaging applications, e.g .,

multiple software applications , and websites, in order to

advantages over other modes . For example , a bot may

have to install different software applications to pay a utility

permit a user to try a new service (e. g ., a taxi booking

bill (e. g., from the utility company), to buy movie tickets

provided by other providers. A bot may provide several

perform the multiple activities . For example, a user may

service , a restaurant reservation service, etc . ) without having 15 ( e . g ., a ticket reservation application from a ticketing service

to install an application on a client device , or accessing a
website . Further, a user may interact with a bot via text,

provider ), to make restaurant reservations (e . g ., from respec
tive restaurants ), or may need to visit a respective website

required to use a website , software application , a telephone

tions is that the user may need to learn a complex user

other manners of interacting with a service . Incorporating a
bot within a messaging service or application may also

user interface elements , such as windows, buttons, check
boxes, dialog boxes, etc .

which requires minimal or no learning , compared with that

for each activity . Another problem with such implementa

call, e.g ., to an interactive voice response (IVR ) service, or 20 interface , e .g., a user interface implemented using multiple

permit users to collaborate with other users to accomplish
various tasks such as travel planning, shopping, scheduling

Consequently , an advantage of one or more described
implementations is that a single application enables a user to

events , obtaining information , etc . within the messaging 25 perform activities that involve interaction with any number

service , and eliminate cumbersome operations such as

switching between various applications (e .g ., a taxi booking

application , a restaurant reservation application , a calendar

of parties, without being required to access a separate

website or install and run software applications, which has
a technical effect of reducing consumption of memory ,

storage, and processing resources on a client device . An
application, etc .) or websites to accomplish the tasks .
A bot may be implemented as a computer program or 30 advantage of the described implementations is that the
application ( e . g., a software application ) that is configured to
conversational interface makes it easier and faster for the
interact with one or more users (e . g ., any of the users
user to complete such activities , e .g ., without having to learn
125a -n ) via messaging application 103a/ 103b to provide a complex user interface , which has a technical effect of

information or to perform specific actions within the mes

reducing consumption of computational resources. Another

retrieval bot may search for information on the Internet and
present the most relevant search result within themessaging

menting bots may enable various participating entities to
provide user interaction at a lower cost, which has a tech

app . As another example , a travel bot may have the ability

nical effect of reducing the need for computational resources

saging application 103 . As one example , an information 35 advantage of the described implementations is that imple

to make travel arrangements via messaging application 103, that are deployed to enable user interaction , such as a
e .g ., by enabling purchase of travel and hotel tickets within 40 toll - free number implemented using one or more of a
the messaging app , making hotel reservations within the communications server, a web site that is hosted on one or

messaging app , making rental car reservations within the
messaging app , and the like. As another example , a taxi bot

more web servers , a customer support email hosted on an
email server, etc . Another technical effect of described

may have the ability to call a taxi, e . g ., to the user 's location

features is a reduction in the problem of consumption of

( obtained by the taxi bot from client device 115 , when a user 45 system processing and transmission resources required for

125 permits access to location information ) without having

to invoke or call a separate taxi reservation app . As another
example , a coach /tutor bot may tutor a user to instruct the
user in some subjectmatter within a messaging app , e . g ., by

completing user tasks across communication networks.

While certain examples herein describe interaction
between a bot and one or more users, various types of
interactions, such as one-to -one interaction between a bot

asking questions that are likely to appear on an examination 50 and a user 125 , one - to -many interactions between a bot and

and providing feedback on whether the user 's responses

two or more users ( e. g ., in a group messaging conversation ),

were correct or incorrect. As another example , a game bot

many -to -one interactions between multiple bots and a user,

may play a game on the opposite side or the same side as a

and many -to -many interactions between multiple bots and

user within a messaging app . As another example , a com
multiple users are be possible . Further, in some implemen
mercial bot may provide services from a specific merchant, 55 tations, a botmay also be configured to interact with another
e .g., by retrieving product information from the merchant's bot (e.g ., bots 107a / 107b , 109a /109b , 111 , 113 , etc.) via
catalog and enabling purchase through a messaging app . As messaging application 103, via direct communication
another example , an interface bot may interface a remote

between bots, or a combination . For example , a restaurant

device or vehicle so that a user of a messaging app can chat reservation bot may interact with a bot for a particular
with , retrieve information from , and/ or provide instructions 60 restaurant in order to reserve a table .

to the remote device or vehicle .
A bot's capabilities may include understanding a user's

In certain embodiments, a bot may use a conversational
interface to use natural language to interact conversationally

intent and executing on it . The user ' s intent may be under-

with a user. In certain embodiments , a bot may use a

stood by analyzing and understanding the user ' s conversa

template -based format to create sentences with which to

tion and its context. A bot may also understand the changing 65 interact with a user, e . g ., in response to a request for a

context of a conversation or the changing sentiments and /or

intentions of the users based on a conversation evolving over

restaurant address , using a template such as “ the location of

restaurant R is L .” In certain cases , a user may be enabled
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to select a bot interaction format, e. g., whether the bot is to

not need to specifically invoke the bot. In these embodi

use natural language to interact with the user , whether the

ments, the bot may depend on analysis and understanding of

In cases in which a bot interacts conversationally using

time. The analysis of the conversation may be used to

bot is to use template -based interactions, etc .

the conversation on a continualbasis or at discrete points of

natural language, the content and/ or style of the bot ' s 5 understand specific user needs and to identify when assis

interactions may dynamically vary based on one or more of:
the content of the conversation determined using natural

tance should be suggested by a bot. As one example , a bot
may search for some information and suggest the answer if

language processing , the identities of the users in the con it is determined that a user needs information ( e . g ., based on
versations, and one or more conversational contexts ( e . g .,
the user asking a question to another user, based on multiple
historical information on the user ' s interactions, connections 10 users indicating they don 't have some information ). As

between the users in the conversation based on a social

another example , if it is determined that multiple users have

graph ) , external conditions ( e . g ., weather , traffic ), the user ' s

expressed interest in eating Chinese food , a bot may auto

schedules , related context associated with the users , and the matically suggest a set of Chinese restaurants in proximity
like. In these cases, the content and style of the bot's to the users, including optional information such as loca
interactions is varied based on only such factors for which 15 tions , ratings and links to the websites of the restaurants.
users participating in the conversation have provided con In certain embodiments , rather than automatically invok
sent.

As one example , if the users of a conversation are
determined to be using formal language ( e .g ., no or minimal

ing a bot or waiting for a user to explicitly invoke a bot, an

automatic suggestion may be made to one or more users in
a messaging conversation to invoke one or more bots . In

slang terms or emojis ), then a bot may also interact within 20 these embodiments , the conversation may be analyzed on a

that conversation using formal language , and vice versa . As

continual basis or at discrete points of time, and the analysis

another example , if a user in a conversation is determined

of the conversation may be used to understand specific user

(based on the present and /or past conversations ) to be a

needs and to identify when a bot should be suggested within

heavy user of emojis, then a bot may also interact with that

the conversation .

connected in a social graph (e. g., having two or more

sation without being specifically invoked , such functionality

user using one or more emojis. As another example , if it is 25 In the embodiments in which a bot may automatically
determined that two users in a conversation are in remotely suggest information or actions within a messaging conver
intermediate nodes between them denoting , e. g ., that they
is disabled , e . g ., if one or more users participating in the
are friends of friends of friends ), then a bot may use more messaging conversation do not provide consent to a bot
formal language in that conversation . In the cases where 30 performing analysis ofthe user ' s conversation . Further, such

users participating in a conversation have not provided

functionality may also be disabled temporarily based on user

consent for the bot to utilize factors such as the users ' social

input. For example , when the users indicate that a conver

graph , schedules , location , or other context associated with

sation is private , analysis of conversational context is sus

the users, the content and style of interaction of the botmay

pended until users provide input for the bot to be activated .
be a default style , e . g ., a neutral style , that doesn 't require 35 Further, indications that analysis functionality is disabled
may be provided to participants in the conversation , e. g.,
utilization of such factors .
Further, in some implementations, one or more bots may
with a user interface element.
include functionality to engage in a back -and - forth conver
In various implementations, a botmay be implemented in
sation with a user. For example , if the user requests infor- a variety of configurations. For example, as shown in FIG .
mation about movies, e . g ., by entering “ @ moviebot Can you 40 1 , bot 105 is implemented on client device 115a . In this

recommend a movie ?" , the bot “ moviebot” may respond

example , the bot may be a module in a software application

Steve can join " . Upon user 's consent to the bot accessing
information about their contacts and upon the friend Steve ' s

Messaging application 103b may automatically cause the
bot module in the taxi hailing application be launched . In

consent to receiving messages from the bot, the bot may

this manner, a bot may be implemented locally on a client

with “ Are you in the mood for a comedy ?” The user may that is local to client device 115a. For example, if a user has
then respond , e . g ., " nope” to which the bot may respond
installed a taxi hailing application on client device 115a , bot
with “ OK . The sci-fi movie entitled Space and Stars has got functionality may be incorporated as a module in the taxi
great reviews. Should I book you a ticket ? ” The user may 45 hailing application . In this example , a usermay invoke a taxi
then indicate " Yeah , I can go after 6 pm . Please check if bot, e.g., by sending a message " @ taxibot get me a cab .”
send a message to user ' s friend Steve and perform further 50 device such that the user can engage in conversation with the

actions to book movie tickets at a suitable time.
In certain embodiments , a user participating in a conver

sation may be enabled to invoke a specific bot or a bot

performing a specific task , e .g ., by typing a bot name or bot

bot via messaging application 103 .

In another example shown in FIG . 1 , bot 107a is shown

implemented on client device 115a and bot 107b is shown as

implemented on messaging server 101. In this example , the

handle ( e . g ., taxi, @ taxibot, @ movies , etc . ), by using a 55 bot may be implemented , e . g ., as a client - server computer

voice command ( e. g ., " invoke bankbot” , etc . ), by activation
of a user interface element ( e .g ., a button or other element

program , with portions of the bot functionality provided by
each of bot 107a (server module ) and bot 107b (client

labeled with the bot name or handle ), etc . Once a bot is

module ). For example, if the bot is a scheduling bot with the

hotel reservations, a user may type “ @ hotelbot book a table

“ check if Jim is free to meet at 4 ,” bot 107a (servermodule )

without being specifically invoked . That is , the users may

m ented on server 135 and bot 1096 (client module ) is

invoked , a user 125 may send a message to the bot via handle @ calendar, user 115a may schedule a reminder, by
messaging application 103a / 103b in a manner similar to 60 typing " @ calendar remind me to pick up laundry in the
sending messages to other users 125 . For example , to order
evening,” which may be handled by bot 107b ( client mod
a taxi, a user may type “ @ taxibot get me a cab ” ; to make
ule ). Continuing with this example , if user 115a tells the bot
may contact user Jim (or Jim ' s scheduling bot) to exchange
for 4 at a Chinese restaurant near me."
In certain embodiments, a bot may automatically suggest 65 messages , and provide a response to user 115a.
information or actions within a messaging conversation
In another example , bot 109a ( server module ) is imple
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functionality is provided by modules implemented on client
devices 115 and server 135 , which is distinct from messag -
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access, the botmay respond via a message , e. g ., “ Sorry, I am

not able to book a taxi for you .” Further, the user may
provide access to information on a limited basis, e . g., the

ing server 101 . In some implementations , a bot may be usermay permit the taxi bot to access a current location only
implemented as a distributed application , e. g ., with modules 5 upon specific invocation of the bot, but not otherwise . In
distributed across multiple client devices and servers ( e. g ., different implementations, the user can control the type,
client devices 115 , server 135 , messaging server 101 , etc .). quantity , and granularity of information that a bot can
In some implementations , a bot may be implemented as a
server application , e . g ., bot 111 that is implemented on

access, and is provided with the ability (e .g., via a user
interface ) to change such permissions at any time. In some
messaging server 101 and bot 113 that is implemented on 10 implementations
, user data may be processed , e. g., to
server 135 .
remove
personally
identifiable information , to limit infor
Different implementations such as client -only, server
mation to specific data elements, etc . before a bot can access
only , client- server, distributed , etc . may provide different
advantages. For example , client-only implementations per such data . Further, users can control usage of user data by
mit bot functionality to be provided locally , e . g .. without 15 messaging application 103a/ 1036 and one ormore bots . For
network access , which may be advantageous in certain example , a user can specify that a bot that offers capability
contexts , e.g., when a user is outside of network coverage to make financial transactions require user authorization
area or in any area with low or limited network bandwidth .
Implementations that include one or more servers, such as

before a transaction is completed , e .g ., the bot may send a
message " Tickets for the movie Space and Starts are $ 12

server -only , client-server, or distributed configurations may 20 each . Shall I go ahead and book ?” or “ The best price for this
permit certain functionality , e .g ., financial transactions , shirt is $ 125 , including shipping . Shall I charge your credit
ticket reservations, etc . that may not be possible to provide
card ending 1234 ? ” etc .
In some implementations, one or more suggested
locally on a client device .

While FIG . 1 shows bots as distinct from messaging
responses generated by systems described above (e . g ., sys
application 103 , in some implementations , one or more bots 25 tems described for FIGS. 2 - 11 ) can be messages used to
may be implemented as part of messaging application 103 . invoke or command a bot, e .g ., request a bot for information .
In the implementations in which bots are implemented as For example , the system can determine whether a received
part of messaging application 103 , user permission is
image includes content that would be assisted by informa
obtained before implementing bots. For example, where bots
tion and/ or one or more functions provided by a bot. In some
are implemented as part of messaging application 103al 30 examples, the first user in a conversation may send a text

103b , messaging application 103a / 103b may provide bots

that can perform certain activities, e .g ., a translation bot that

translates incoming and outgoing messages, a scheduling

message to the second user, saying, “Guess where ?” The

first user then sends an image to the second user's device .

The system can determine that a phrase including the word

bot that schedules events on a user's calendar, etc. In this " guess ” indicates that a suggested response can be a request
example , translation bot is activated only upon user ' s spe - 35 to find out the information related to the image content.
cific permission . If the user does not provide consent, bots (Other words can also indicate such a request, such as
within messaging application 103a / 103b are not imple
" where," " what,” etc .) In response , the system can generate
mented (e . g ., disabled , removed , etc .). If the user provides

a suggested response that is a request or command to an

consent, a bot or messaging application 103a /103b may

appropriate bot that can provide the relevant information .

example , a taxi service provider may provide a taxi bot, a
ticketing service may provide a bot that can book event

types of bots for particular types of image content that has
been detected in the image ( e . g ., using one or more image

make limited use ofmessages exchanged between users via 40 For example , a suggested response can be a request to a
messaging application 103a /103b to provide specific func
mapping bot to provide the name of the location depicted in
tionality, e . g ., translation , scheduling , etc .
the image (e.g., where the bot can determine such informa
In some implementations, third parties distinct from a
tion using web searches , maps and atlases, geographic
provider ofmessaging application 103a / 103b and users 125 , location metadata of the received image, etc .). In some
may provide bots that can communicate with users 125 via 45 implementations, the training message data can be used (if
messaging application 103a / 103b for specific purposes . For user consent has been obtained ) to determine appropriate
tickets , a bank bot may provide capability to conduct finan -

detection or recognition techniques , if user consent has been
50 obtained ), and /or rules- based grammars can determine
In implementing bots via messaging application 103 , bots
which types of bots to invoke in a suggested response based
are permitted to communicate with users only upon specific
on the types of image content and / or concepts detected in the

cial transactions, etc .

user authorization . For example , if a user invokes a bot, the

image content.

bot can reply, e.g ., based on the user's action of invoking the

In some implementations, if the bot-related suggested

provide authorization for shopping bots . In this example ,

sented with a bot name. The bot can determine and output

messaging application 103a / 103b may permit travel bots to

the requested information in the conversation , e .g ., as mes

bot. In another example , a user may indicate particular bots 55 response is displayed for the user as a possible response and
or types of bots that may contact the user. For example , a
the user selects that suggestion , the bot can be added to the
user may permit travel bots to communicate with her, but not message conversation and messaging interface , e . g ., repre
exchange messages with the user, but filter or deny messages 60 sages to both the first and second users in a messaging user

from shopping bots .
Further, in order to provide some functionality ( e .g .,

interface.
In another example , the first user sends an image depict

ordering a taxi, making a flight reservation , contacting a

ing text that is in a language foreign to the second user. The

options to permit or deny access to the bot. If the user denies

conversation interface .

friend, etc .), bots may request that the user permit the bot to
system can determine that an appropriate suggested response
access user data , such as location , payment information , 65 is a request to a language bot to translate the text in the
contact list, etc . In such instances, a user is presented with
image and to output the translated text in the message
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In another example , the first user sends an image depict

ing a food item . The system can determine that an appro -

a geographic location , holiday or an event, etc ., can be used

to generate and determine for presentation one or more of

priate suggested response is a request to a bot to check one the suggested responses .
or more accessible data sources ( e . g ., on the Internet) to
In some implementations, determining one or more sug
determine the ingredients and /or calories typically or spe - 5 gested responses may be based on using machine learning to
cifically included in the food item , and to output that develop a personalized model for a user. Determining sug
information in the message conversation interface .
gested responses may be based on preferences of the user
Implementations described herein generally relate to mes
and /or prior actions of the user in communications ( if user
saging applications. Certain implementationsmay automati consent for use of such actions and data has been obtained ).
cally (e.g., without user intervention ) analyze image content For example , user preferences may include a whitelist
of one or more messaging conversations and /or user infor- indicating particular words which can be included and /or a

mation to automatically provide suggested responses to a
blacklist indicating particular words which cannot be
user within a messaging application . In certain examples , the included in message suggestions . If user consent has been
automatic suggested responses may be selected by a user to 15 obtained ,message suggestions can be generated or modified
respond in the messaging application , and /or may be auto - based on one or more ofpunctuation use , emoji use , or other
matically sent as one or more appropriate responses on

content provided by the user on previous occasions.

behalf of a user. In certain other examples, the suggestions

Models used to provide suggested responses, e .g ., a

may automatically incorporate particular non -messaging

conditioned language model as described above , may be

functionality into the messaging application .
20 implemented by a client device 115 and/or a server, e .g .,
While the foregoing description includes techniques to server 101 and /or response generator 150. In some imple
provide suggested responses in response to receiving an mentations, conversations may be encrypted such that only
image, suggested responses may be provided in response to
client devices of participants in the conversation can access
any type ofmedia content that is received in a conversation . conversation content. In these implementations, models
For example , such content may include stickers ( e . g ., in a 25 implemented by a respective client device may be used to

chat application ), animated images ( e . g ., cinemagraphs, GIF
images , etc .), and videos . Further, while the foregoing

description describes suggested responses as text responses,
other types of responses may also be suggested , e. g., based

provide suggested responses and models implemented by a
server are not used . Models implemented by a client device

may also be used , e .g ., when the user does not provide

consent for use of models implemented by a server. In some

on analysis of a received image. For example , other 30 implementations, client implemented models may be based
responses may include one or more of a suggested image, a

on or derived from server implemented models. In some

suggested sticker, a suggested animated image (e. g ., cin -

implementations, server models may be used and client

emagraph , GIF image, etc .) and a suggested video . To

models may not be used , e . g ., when a client device lacks

provide these suggestions, suggestion module 304 may

capability to implement client models. In some implemen

perform , e . g ., a comparison of identified concepts in a 35 tations, a combination of client and server models may be

received item (e.g., text, image , video , sticker, animated

used .

reference to suggested responses that include text. In dif-

in any language, e .g., a language, locale or other geographic

image , etc .) with concepts in different types of responses,
and select a suitable response , as described above with

While the examples described in this document utilize
concepts illustrated in English , suggestions may be provided

ferent implementations where users provide consent, the 40 configured for a client device 115 , a language selected based
type of response may be selected or prioritized based on
on a user preference , etc . In some implementations, where
context, e . g ., a sticker may be selected as a suggested
users provide consent for analysis of context of a conver
response in response to an incoming sticker , a video may be sation , a language that is used in various conversations (e . g .,

selected as a suggested response in response to an incoming

in recentmessages ) involving the user may be detected and

users and /or chatbots . In certain implementations, automatic

models can be stored , trained , and utilized according to one

message suggestions may be customized based on whether
a chat bot is participating in the messaging conversation . In

or more features described herein . In some examples, each
conditioned language model can be trained and used with

45 message suggestions can be provided in that language .
Certain implementations enable messaging with human
In some implementations, multiple conditioned language

image , etc .

some examples , a first set of automatic message suggestions 50 words and responses of a particular human -used language .

may be provided if a chat bot is absent in a messaging
conversation , while a second set of automatic suggested

For example , a first conditioned language model can be
trained specifically with English responses and a second

messages may be provided if a chat bot is present in the

conditioned language model can be trained specifically with

messaging conversation , where the first and second sets of Hindi responses . In some implementations, one of the mul
responses are at least partially different. For example , these 55 tiple available conditioned language models can be selected
implementations may employ conversational rules followed
for use during runtime based on a language that is deter
by the chat bot, and suggest messages to a user based on the mined for a current user messaging conversation . For
rules . This can mitigate challenges that users may have in
example , if user consent has been obtained , previous mes
communicating with chat bots in a language and in a format
sages in the user ' s current conversation ( e . g ., messages
60 within a predetermined amount of time previous to the
that is easily understood by the chat bots .

Some implementations can include determining one or
more trending responses ( e . g ., message responses including

popularmessage content sentbymany different users ) based

current message, or a predetermined number of the last
messages sent ) can be retrieved ( e . g ., from messaging appli

cation database 199 ) and a language of the conversation

on other messages in at least one of a region , market, and detected by the system , e. g ., based on the words used and
country related to a location of a user. One or more deter - 65 accessing language data from accessible storage . If the
mined suggested responses may include one or more trend
detected language matches the language of an available

ing responses. In some implementations, a user context, e .g .,

conditioned language model, then the matching conditioned
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engine, web hosting engine , image display engine, notifica

generate one or more suggested responses to an image as tion engine , social networking engine , etc. In some imple

mentations, the messaging application 1216 can include
described herein .
In some implementations ,multiple conditioned language instructions that enable processor 1202 to perform functions
models can be used to generate responses to a particular 5 described herein , e . g ., some or all of the method of FIG . 2 .
image . For example, the received image can be input to a For example , messaging application 1216 can provide mes

first conditioned language model and to a second condi
tioned language model, and the responses from both models
are used in the resulting set of suggested responses . In some

sage suggestions as described herein . In some implementa
tions, messaging application 1216 may include one or more

, such as feature vector generator 1216A , response
implementations, a single conditioned language model can 10 modules
generator 1216B , and user interaction module 1216C , and /or
be trained and used to provide responses for multiple these
modules can be implemented in other applications or
languages , e. g., responses provided in multiple languages devices
in communication with the device 1200 . One or
are used in the training of the conditioned language model.
FIG . 12 is a block diagram of an example device 1200 more of the applications can , for example , provide a dis
which may be used to implement one or more features 15 played user interface responsive to user input to display
described herein . In one example , device 1200 may be used selectable options or controls, and data based on selected
to implement a client device, e.g ., any of client devices 115 options. Other applications or engines 1214 can also or
shown in FIG . 1 . Alternatively , device 1200 can implement alternatively be included , e.g ., image editing applications,

a server device , e . g ., messaging server 101 , concept identi - media display applications, communication applications ,
fier 120 , and content classifier 130 of FIG . 1 . Device 1200 20 web hosting engine or application , etc . One or more methods

can be any suitable computer system , server , or other
electronic or hardware device as described above.

One or more methods described herein can be run in a
standalone program that can be run on any type of comput-

disclosed herein can operate in several environments and
platforms, e.g ., as a stand- alone computer program that can

run on any type of computing device , as a web application
having web pages, as a mobile application (" app" ) run on a

ing device , a program run on a web browser , a mobile 25 mobile computing device , etc .
application (" app" ) run on a mobile computing device ( e . g .,
Any of software in memory 1204 can alternatively be
cell phone , smart phone , tablet computer, wearable device
stored on any other suitable storage location or computer

(wristwatch , armband, jewelry , headwear, virtual reality
readable medium . In addition ,memory 1204 (and/or other
goggles or glasses, augmented reality goggles or glasses , connected
device (s )) can store one or more mes
etc .), laptop computer, etc. ). In one example , a client/server 30 sages , one storage
or
more
taxonomies , electronic encyclopedia ,
architecture can be used , e . g ., a mobile computing device ( as
a client device ) sends user input data to a server device and
receives from the server the final output data for output ( e . g .,
for display). In another example, all computations can be
performed within the mobile app (and / or other apps) on the 35

mobile computing device. In another example , computations
can be split between the mobile computing device and one

dictionaries , thesauruses , message data , grammars , user

preferences, and /or other instructions and data used in the
features described herein . Memory 1204 and any other type
of storage (magnetic disk , optical disk , magnetic tape, or

other tangible media ) can be considered “ storage ” or “ stor

age devices."

I/ O interface 1206 can provide functions to enable inter
or more server devices.
In some implementations, device 1200 includes a proces facing the server device 1200 with other systems and
sor 1202 , a memory 1204, and input/output ( I/O ) interface 40 devices . Interfaced devices can be included as part of the

1206 . Processor 1202 can be one or more processors and/ or

processing circuits to execute program code and control

device 1200 or can be separate and communicate with the

device 1200 . For example , network communication devices ,

basic operations of the device 1200 . A “ processor” includes

storage devices ( e . g ., memory and /or database 106 ), and

any suitable hardware and /or software system , mechanism

input/output devices can communicate via I/ O interface

or component that processes data , signals or other informa- 45 1206 . In some implementations, the I / O interface can con

tion . A processor may include a system with a general-

nect to interface devices such as input devices (keyboard ,

purpose central processing unit (CPU ) ,multiple processing

pointing device , touchscreen , microphone, camera , scanner,

locations, by different (or the same) processing systems. A

play device 1220 can be connected to device 1200 via local

units , dedicated circuitry for achieving functionality , or sensors, etc .) and /or output devices (display device , speaker
other systems. Processing need notbe limited to a particular devices, printer, motor, etc .).
geographic location , or have temporal limitations . For 50 Some examples of interfaced devices that can connect to
example , a processor may perform its functions in “ realI/ O interface 1206 can include a display device 1220 that can
time," " offline ,” in a “ batch mode ," etc . Portions of process - be used to display content, e. g ., images, video , and/ or a user
ing may be performed at different times and at different interface of an output application as described herein . Dis
computer may be any processor in communication with a 55 connections ( e .g ., display bus ) and/ or via networked con

memory.

Memory 1204 is typically provided in device 1200 for

access by the processor 1202 , and may be any suitable

nections and can be any suitable display device . The display
device 1220 can include any suitable display device such as
an LCD , LED , or plasma display screen , CRT, television ,

processor -readable storage medium , such as random access monitor, touchscreen , 3 - D display screen , or other visual
memory (RAM ), read - only memory (ROM ), Electrical 60 display device . For example , display device 1220 can be a

Erasable Read -only Memory (EEPROM ), Flash memory,
etc ., suitable for storing instructions for execution by the

processor, and located separate from processor 1202 and/or
integrated therewith . Memory 1204 can store software oper-

flat display screen provided on a mobile device , multiple
display screens provided in a goggles device , or a monitor

screen for a computer device .

The 1/ 0 interface 1206 can interface to other input and

ating on the server device 1200 by the processor 1202 , 65 output devices. Some examples include one or more cam
including an operating system 1208 , messaging application

1216 and other applications 1214 such as a data display

eras which can capture images . Some implementations can

provide a microphone for capturing sound (e.g ., as a part of
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captured images, voice commands, etc .), audio speaker
devices for outputting sound, or other input and output

example, a user's geographic location may be generalized to
a larger region so that the user 's particular location cannot

operating systems, memories , I/O interfaces , applications ,

would be known to those skilled in the art . Any suitable

and / or software modules . In other implementations, device

programming language and programming techniques may

devices .
be determined .
For ease of illustration , FIG . 12 shows one block for each
Note that the functional blocks , operations , features ,
of processor 1202 , memory 1204 , I/ O interface 1206 , and 5 methods , devices , and systems described in the present
software blocks 1208 , 1214 , and 1216 . These blocks may
disclosure may be integrated or divided into different com
represent one or more processors or processing circuitries , binations of systems, devices, and functional blocks as
1200 may not have all of the components shown and/ or may 10 be used to implement the routines of particular implemen

have other elements including other types of elements tations. Different programming techniques may be
instead of, or in addition to , those shown herein . While some employed such as procedural or object- oriented . The rou
components are described as performing blocks and opera - tines may execute on a single processing device or multiple

tions as described in some implementations herein , any

processors . Although the steps, operations, or computations

suitable component or combination of components of envi - 15 may be presented in a specific order , the order may be

ronment 100 , device 1200 , similar systems, or any suitable
processor or processors associated with such a system , may

changed in different particular implementations. In some
implementations, multiple steps or operations shown as
sequential in this specification may be performed at the same
perform the blocks and operations described .
Methods described herein can be implemented by com - time.
puter program instructions or code, which can be executed 20 What is claimed is :

on a computer. For example , the code can be implemented

1 . A computer- implemented method of automatically sug

by one or more digital processors ( e .g ., microprocessors or

gesting content in a messaging application , the method

other processing circuitry and can be stored on a computer

comprising :

program product including a non -transitory computer read

able medium ( e . g ., storage medium ), such as a magnetic , 25

detecting an image posted within a first message by a first
user;

optical, electromagnetic , or semiconductor storage medium ,

programmatically analyzing the image to determine a

tape, a removable computer diskette , a random access

programmatically generating one or more suggested

including semiconductor or solid state memory, magnetic

memory (RAM ), a read -only memory (ROM ), flash

memory, a rigid magnetic disk , an optical disk , a solid -state 30
memory drive , etc . The program instructions can also be
contained in , and provided as, an electronic signal, for
example in the form of software as a service (SaaS ) deliv
ered from a server ( e .g ., a distributed system and /or a cloud

computing system ). Alternatively , one or more methods can 35

be implemented in hardware ( logic gates , etc .), or in a

combination of hardware and software. Example hardware
can be programmable processors ( e.g . Field -Programmable
Gate Array (FPGA ), Complex Programmable Logic

Device ), general purpose processors , graphics processors, 40

Application Specific Integrated Circuits (ASICs), and the
like . One or more methods can be performed as part of or

component of an application running on the system , or as an

application or software running in conjunction with other
45
Although the description has been described with respect

applications and operating system .

to particular implementations, these particular implementa

tions are merely illustrative, and not restrictive. Concepts
illustrated in the examples may be applied to other examples

feature vector representative of the image ;

responses to the first message based on the feature

vector, the one or more suggested responses each being
a conversational reply to the first message , wherein
programmatically generating the one or more sug
gested responses includes:
determining probabilities associated with word
sequences for the feature vector using a model
trained with previous responses to previous images ;
and
selecting one or more word sequences of the word
sequences based on the probabilities associated with
the word sequences , wherein the one or more sug
gested responses are determined based on the
selected one or more word sequences, wherein
selecting the one or more word sequences includes

selecting at least one word sequence that is weighted
based on a similarity to a previous message response

provided by a second user ; and
causing the one or more suggested responses to be ren

dered in the messaging application as one or more
suggestions to the second user.

and implementations .
50 2 . The method ofclaim 1 wherein causing the one or more
In situations in which certain implementations discussed
suggested responses to be rendered includes transmitting a

herein may collect or use personal information about users

( e . g ., user data , information about a user ' s social network ,

user ' s location and time, user' s biometric information ,

command to render the one or more suggested responses in

the messaging application .

3 . The method of claim 1 wherein the probabilities

user ' s activities and demographic information ), users are 55 include a probability of each word in a stored vocabulary to

provided with one or more opportunities to control whether
the personal information is collected , whether the personal
information is stored , whether the personal information is
used , and how the information is collected about the user,

be the next word in one of the one or more word sequences ,
wherein selecting the one or more word sequences includes
selecting a number of the one or more word sequences
associated with one or more highest probabilities of the

stored and used . That is , the systems and methods discussed 60 determined probabilities .

herein collect, store and/ or use user personal information
specifically upon receiving explicit authorization from the

relevant users to do so . In addition , certain data may be

treated in one or more ways before it is stored or used so that
personally identifiable information is removed . As one 65

example , a user ' s identity may be treated so that no person ally identifiable information can be determined . As another

4 . The method of claim 1 wherein the model is a condi
tioned language model and wherein determining the prob

abilities associated with the word sequences includes input

ting the feature vector to the conditioned language model.

5 . The method of claim 4 wherein the conditioned lan

guage model uses a long -short term memory (LSTM ) net
work .
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programmatically generating one or more suggested

6 . The method of claim 1 wherein selecting the one or

more word sequences includes using a beam search tech

responses to the first message based on the feature
vector , the one or more suggested responses each being

nique .

7. Themethod of claim 1 wherein each of the one or more

a conversational reply to the first message , wherein

word sequences is used by the model as a word embedding 5

programmatically generating the one or more sug

encoding words included in the word sequence and the

gested responses includes :
determining probabilities associated with word

feature vector.
8 . The method of claim 1 wherein the one or more word
sequences are determined from a plurality of words in a

sequences for the feature vector using a model

trained with previous responses to previous images ;

vocabulary that is determined from the previous responses , 10

selecting one or more word sequences of the word

sequences based on the probabilities associated with

wherein determining the probabilities associated with the
word sequences includes iteratively determining, for each

the word sequences , wherein the one or more sug

gested responses are determined based on the

word sequence , a probability of each word in the vocabulary

to be the next word in the word sequence .
9 . The method of claim 1 wherein the previous responses 15
are selected from a larger set of responses to the previous

selected one or more word sequences, wherein
selecting the one or more word sequences includes
selecting at least one word sequence that is weighted
based on a similarity to a previous message response

particular content of the previous images than other previous
responses of the larger set of responses .
10 . The method of claim 1 wherein the model is a 20

causing the one or more suggested responses to be ren
dered in the messaging application as one or more

images, wherein the previous responses are more specific to

conditioned language model, and wherein selecting the one

or more word sequences includes iteratively :

feeding the feature vector and a previous word sequence
to the conditioned languagemodel to determine a set of

provided by a second user; and

suggestions to the second user.
16 . The system of claim 15 wherein the model is a

conditioned language model, and wherein the operation of
selecting the one or more word sequences includes itera

new word sequences and the probabilities associated 25 tively :

with the new word sequences based on the feature
vector and the previous word sequence , where one or

more of the new word sequences have at least one
additional word with respect to the previous word
sequence ; and
30

feeding the feature vector and a previous word sequence
to the conditioned language model to determine a set of
new word sequences and the probabilities associated

with the new word sequences based on the feature

vector and the previous word sequence , where one or
additional word with respect to the previous word

more of the new word sequences have at least one

selecting a subset of the set of new word sequences based

on the probabilities associated with the new word

sequences and selecting one word sequence of the
selected subset as the previous word sequence for a
35
next iteration .

11 . The method of claim 1, further comprising :
upon the second user selecting the suggested response ,
posting the suggested response as a message response
to the first message .

sequence ; and
selecting a subset of the set ofnew word sequences based
on the probabilities associated with the new word
sequences and selecting one word sequence of the

selected subset as the previous word sequence for a
next iteration .

17 . The system of claim

15 wherein the previous

12 . The method of claim 1, further comprising:

40 responses are selected from a larger set of responses to the
checking whether each of the one or more word sequences previous images , wherein the previous responses are more
specific to particular content of the previous images than
is present in a whitelist of word sequences,

wherein the selected one or more word sequences are

other previous responses of the larger set of responses.
18 . The system of claim 15 wherein the model is a
13 . The method of claim 1 , wherein the at least one word 45 conditioned language model that is conditioned by the
present on the whitelist.

sequence is weighted higher based on the similarity to the
previous message response provided by the second user.
14 . The method of claim 4 further comprising:
providing the conditioned language model as a first con ditioned language model specific to a first language ; 50

feature vector received as an input and uses a long -short
term memory (LSTM ) network

providing a second conditioned language model specific

suggested content by performing operations including:
detecting an image posted within a firstmessage by a first
user ;
programmatically analyzing the image to determine a
feature vector representative of the image ;
programmatically generating one or more suggested
responses to the first message based on the feature
vector, the one or more suggested responses each being
a conversational reply to the first message , wherein

to a second language ;

determining that a language for a message conversation in

which the firstmessage is received is the first language ;
selecting the first conditioned language model to be used
and

in the programmatically generating one or more sug
gested responses .

15 . A system to automatically suggest content in a mes
saging application comprising:
60
a memory ; and
at least one processor configured to access the memory
and configured to perform operations comprising :
detecting an image posted within a first message by a first
user ;

programmatically analyzing the image to determine a
feature vector representative of the image ;

65

19 . A non - transitory computer readable medium having

stored thereon software instructions that, when executed by
a processor, cause the processor to automatically provide

programmatically generating the one or more sug
gested responses includes:
determining probabilities associated with word

sequences for the feature vector using a model

trained with previous responses to previous images,
wherein the previous responses are selected from a
larger set of responses to the previous images ,
wherein the previous responses are more specific to
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particular content of the previous images than other

previous responses of the larger set of responses;
sequences based on the probabilities associated with

selecting one or more word sequences of the word
the word sequences , wherein the one or more sug - 5

gested responses are determined based on the
selected one or more word sequences ; and
outputting the one or more suggested responses to be

rendered in a messaging application as one or more

suggestions to a user.

10

20 . The computer readable medium of claim 19 wherein

the model is a conditioned language model that is condi
tioned by the feature vector received as an input, wherein the

conditioned language model uses a long-short term memory
(LSTM ) network .

15

